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ABSTRACT 

High-quality, reliable, and robust data is key to better understanding performance and 

improvement needs for transportation infrastructure. Predominantly, transportation systems 

performance has been evaluated using infrastructure-based data, which is often limited by high 

costs, small sample size, and potential inaccuracy. With recent advancements in technology, 

previously unobtainable large high-fidelity data, such as probe data and connected vehicle (CV) 

data, can now be utilized to address many challenges related to transportation systems. This 

dissertation investigates various research and practical oriented applications for such emerging 

transportation data sources.  

 The first part of this dissertation develops a novel methodology for characterizing 

mobility of transportation networks. Using probe vehicle travel times, a route-based travel time 

reliability metric is proposed for assessing and comparing transportation system’s performance 

from one geographic area to another. The second part of this dissertation uses CV-technology to 

develop methodology for improving operational efficiency at a signalized intersection. Two 

innovative traffic signal control algorithms are established to demonstrate real-time delay 

optimization for both connected and non-connected vehicles. The third part of this dissertation 

extends the use of CV-technology to facilitate prioritized freight movement in a signalized 

corridor. An estimated time of arrival (ETA)-based priority logic is developed, and the proposed 

priority system is deployed along US-82 in Northport and Tuscaloosa, Alabama.  
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     Finally, this dissertation explores the application of emerging transportation data 

collection technologies to characterize and evaluate transportation systems performance. The 

techniques presented in this dissertation will be helpful to transportation agencies, planners, and 

practitioners to assess existing performance and need for future transportation infrastructure. 
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CHAPTER 1                                                                                                 

INTRODUCTION 

1.1  Background 

Traffic data collection is a critical activity for better understanding traffic patterns as well 

as managing and operating existing transportation infrastructure. For decades, public and private 

traffic professionals and decision makers have been relying on various source of traffic 

information to improve efficiency of their transportation network, maximizing capacity, 

minimizing delays, and improving overall systems’ reliability. There are several well-established 

techniques available to collect traffic information such as traffic volumes, speed, travel times, 

road user classifications, etc. These data collection techniques include induction loop detectors, 

video camera, radar sensors, lidar sensors, infrared sensors, acoustic sensors, and Bluetooth and 

Wi-Fi sensors.  

Induction loop detector are one of the most widely deployed sensor technologies because 

of their wide applicability and flexible design. However, ongoing operating cost regarding 

installation and maintenance is very high and disruptive to the traffic as well. Also, this sensor 

technology has potentially serious reliability/accuracy issues (Antoniou , et al., 2011). The non-

intrusive roadside data collection technologies such as video sensors, radar sensors, lidar sensors, 

infrared sensors, and acoustic sensors are generally mounted overhead or to the side of the 

pavement and cause minimal disruption to traffic. However, their accuracy of measuring vehicle 

speed is limited, and their performance is very much dependent upon weather conditions. 

Alternatively, Bluetooth and Wi-Fi technologies have gain popularity to collect traffic data due 
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to their low cost and flexible installation. However, due to limited detection range and 

accuracy these technologies are not being considered as a viable solution to get high-fidelity 

traffic data.  

With the advancement in global positioning system (GPS) enabled devices, there have 

been growing interests in leveraging their trajectory or position updates to monitor traffic (Bar-

Gera, 2007). Unlike traditional infrastructure-based stationary sensors, a probe vehicle when 

equipped with GPS, can collect travel time and speed information around the network where the 

vehicle is moving. Research studies have indicated that probe vehicle data can be an efficient and 

cost-effective source of reliable real-time traffic information with accuracy (Ferman et al. 2005; 

Chen and Chien 2000). More recently, the expansion of cell phone navigation applications has 

handed the opportunity to generate large probe data sets which can fundamentally change the 

traditional travel-time assessment and mobility measures (Work and Bayen 2008; Barth 2009; 

Haghani and Hamedi 2010; Wang and Xu 2011). One innovative way to access such probe data 

sets is via web-based mapping service provider’s (such as Google Maps) application 

programming interface (API). Studies have shown these probe data sets can accurately represent 

traffic conditions with minimal errors in estimation (Hunter et al. 2009; Nanthawichit et al. 2003; 

Work and Bayen 2008; Hamedi and Aliari 2017).          

Recent years connected vehicle (CV) technology has emerged with a great potential for 

collecting traffic information. CV technology refers to vehicle-to-vehicle (V2V) and vehicle-to-

infrastructure (V2I) communication through a dedicated short-range communication (DSRC) 

(Feng et al. 2015). The framework of DSRC messages is defined by Society of Automotive 

Engineers International (SAE) J2735. These messages include the basic safety message (BSM), 

signal request message (SRM), signal phase and timing (SPaT) message, map data (MAP) 
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message, and signal status message (SSM). The BSM reports a vehicle’s status such as location, 

speed, and heading. Such information can be used to derive vehicle trajectories when transmitted 

continuously over time (Mirheli et al. 2018). In November 2020, the U.S. Federal 

Communications Commission (FCC) ruled to reallocate previously assigned 5.9GHz band for 

DSRC and decided that the intelligent transportation system’s (ITS) operations must switch to 

cellular vehicle-to-everything (C-V2X) technology (Federal Communications Commission, 

2020; Sjoberg, 2021). With the proposed ruling in place, the cellular-based technologies have 

gained favor in the transportation industry as an alternate communication platform. Although 

latency concerns in cellular communication is still debatable, preliminary studies have shown 

that current 4G-LTE cellular communication is approximately equivalent to DSRC in practical 

terms (Hainen, et al. 2019). In addition, C-V2X technology is much easier to deploy and does not 

require custom hardware. Regardless of communication technology, DSRC or cellular 4G or 

upcoming 5G, with the future CV environment and BSMs, previously unobtainable high-fidelity 

traffic data can now be collected and shared with other equipped vehicles and infrastructure, 

which can lead to improved road user safety and enhanced traffic operation’s performance. 

1.2  Problem Statement and Motivation 

It is critical to develop innovative ways of utilizing probe data sources in order to 

modernize performance measure-based tools for prioritizing transportation investments in the 

coming decades. Probe data sets are generally being used for estimating corridor travel time 

(Jenelius and Koutsopoulos 2013; Zheng and Zuylen 2013) and to measure queue length on a 

signalized arterial (Comert and Cetin. 2009). However, systemwide performance measures or 

quantitively assessing mobility that scale both geographically and across modes, is somewhat 

limited. In addition, most mobility assessments have been facility-based (Day et al. 2014; 
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Remias et al. 2013; Schrank. et al. 2015) or contingent upon regional planning models which do 

not scale well for state or national studies. The current practice is to acquire link-based trip data 

sets that characterize travel speeds on a series of roadway segments. But the underlying issue 

with such practice is that it does not consider dynamic path congestions over the duration of trips 

during specific periods. Thus, there’s a need to develop new approach for characterizing mobility 

across regions and incorporate true journey time mobility metric that can potentially span 

multiple modes. 

With the availability of trajectory data from emerging connected vehicle (CV) 

technology, traditional traffic signal operation is expected to undergo substantial changes. In the 

past years, a lot of research efforts have been given to improve operational efficiency of traffic 

signal system using CV technology (Goodall et al. 2013; Guler et al. 2014; Feng et al. 2016; Yan 

and Shen 2017; Lin et al. 2017; Mirheli et al. 2018). The outcomes of these studies indicate 

significant operational improvements which include improved user safety, reduced no of stops, 

reduced delays, travel times, and queue lengths. While previous studies show huge potential for 

improving traffic efficiencies using CV technology, their idealistic assumptions of 100% CV 

traffic and/or existence of vehicle-to-infrastructure (V2I) communications in place limits their 

practical implementation. Since the timeline for complete adoption and deployment of V2I 

technology is uncertain and current market penetration rate of CV enabled vehicles is very low 

(Charles 2017; Hallmark et al. 2019), it can be reasonably assumed that the practical benefits of 

the new CV technology may remain unrealized. Thus, research efforts are warranted to develop 

practical approach to adopt CV technology within existing infrastructure and without necessary 

market adoption. 
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In recent years, public and private agencies have investigated innovative strategies to 

leverage CV technology in order prioritize emergency, transit, and freight vehicles movement in 

signalized arterials. Most of these initiatives have focused primarily on transit signal priorities 

(TSP). However, the U.S. Department of Transportation (USDOT) and American Association of 

State Highway and Transportation Officials (AASHTO) have identified freight signal priority 

(FSP) with CV technology as one of the key applications for enhancing mobility and therefore, 

included in the lists of Hi-Priority Dynamic Mobility Applications (Hill & Garrett, 2011; 

Intelligent Transportation Systems Joint Program Office, 2011). Recent years, research efforts 

and implementation of FSP have shown significant improvements in reducing freight stops at 

signalized corridor, improving travel time reliability, reducing delays, and environmental 

impacts (Sunkari, et al., 2000; Plum, 2004; Mahmud, 2014; Kaisar, et al., 2020). However, due 

to the limited freight-detection technology in the conventional traffic environment, these studies 

relied on traditional loop-detection strategy. One major shortcoming of loop-detection is its 

inability to consider freight’s actual speed and estimating actual arrival time at the stop bar 

which can cause inefficient priority measures. Although very limited, few studies have 

investigated CV application for FSP (Kari, et al., 2014; Ahn, et al., 2015; Park, et al., 2019), 

however these studies were performed in simulated environments assuming established V2I 

communication and lacks comprehensive FSP logic and framework on how emerging CV data 

will be handled by the existing traffic signal controller. Thus, further research is needed to 

develop comprehensive CV-based FSP system that is compatible with existing infrastructure and 

ready for deployment.  
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1.3  Research Objectives  

The first objective of this dissertation is to develop an approach for characterizing 

mobility of urban transportation networks. This study investigates using route-based travel time 

patterns between regions that includes travel on a variety of road classes. A new scalable travel 

time reliability metric called Peak Hour Travel Time Reliability (PHTTR) is developed using the 

route-based approach of measuring travel time. This scalable metric is used for assessing and 

comparing wide-area transportation system’s performance from one geographic area to another.  

The second objective of this research is to develop a novel methodology for improving 

operational efficiency of a signalized intersection using CV technology. The study discusses the 

potential to generate trajectory data for both connected and non-connected vehicles by leveraging 

infrastructure-based detection system. To demonstrate delay optimization, the study presents two 

innovative signal control algorithms based on real-time vehicle trajectory information and 

evaluates their operational performances with existing control operation. This study 

demonstrates the advantages of a real-world prototype trajectory control system that uses 

trajectory information for a delay-based control regime at an actuated signalized intersection.   

The third objective of this work is to develop a signal priority system to facilitate freight 

movement in a coordinated signalized corridor. The proposed priority system uses CV-based 

freight detection strategy to address the shortcomings concerning conventional freight detection 

system. The study also presents a system which affirms the use of CV data in existing traffic 

signal controller. An estimated arrival time (ETA)-based freight priority logic is developed and 

analytically examined to demonstrate the potential operational benefits that can be achieved. The 

proposed priority system is deployed in the field and systematical analysis is performed using 

high-resolution event-based traffic data to validate its operation. Combining both CV-data and 
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high-resolution event-based data, the study shows how the proposed ETA-based FSP system can 

improve operational efficiency of the traditional priority system. 

1.4   Dissertation Outline 

This dissertation is organized into five chapters. Chapter 2 presents the research work on 

developing scalable route-based mobility metric and propose innovative method for 

characterizing mobility of urban transportation networks. Over 1.3 million travel time 

observations are used to characterize and compare network mobility of 50 largest cities in the 

U.S. This study provides a logical migration from traditional planning traffic analysis zones to a 

framework that incorporates modern probe data for a wider jurisdictional area.  

Chapter 3 presents the research work on developing trajectory-based novel signal control 

method for improving intersection operational performance, even with the limited use or absence 

of V2I communications. Two signal control algorithms, delay-based algorithm (DBA) and 

weighted delay-based algorithm (WDBA), are developed to demonstrate real-time delay 

optimization at a signalized intersection. This study presents a framework for implementing the 

trajectory-based signal control in a non-V2I environment using the existing traditional traffic 

signal controller.  

Chapter 4 presents the research work on developing and implementing freight signal 

priority system using CV technology. This study discusses comprehensive priority logic and 

analytically identifies issues with traditional priority system. Following a field deployment on a 

signalized corridor of the eastbound US-82, the chapter conducts systematic analysis to validate 

the proposed priority system. The chapter concludes by proposing the use of CV-based freight 

detection strategy as a viable solution to address shortcomings concerning conventional priority 

system.  
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Chapter 5 summarizes the findings and contributions of each of the chapters discussed in 

this dissertation. Also, this chapter presents future directions for further improving this research 

work.  
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CHAPTER 2  

ROUTE-BASED MOBILITY PERFORMANCE METRICS USING PROBE 

VEHICLE TRAVEL TIMES 

2.1  Introduction 

Urban mobility has been identified as an important societal challenge (Van Audenhove et 

al. 2014; Hidalgo and Díaz 2014). However, quantitatively measuring mobility has been an 

evolving science, largely constrained by sensing technology (Camagni et al. 2002; Vasudevan et 

al. 2005). Most mobility measurements have either been facility-based (Day et al. 2014; Remias 

et al. 2013; Schrank. et al. 2015) or relied on regional planning models that do not scale well for 

state or national studies. As agencies work to develop mobility metrics that align with objectives 

set forth in Moving Ahead for Progress (MAP)-21 (Federal Highway Administration Office of 

Policy and Governmental Affairs 2012; U.S. Federal Highway Administration 2016) it becomes 

critical to identify cost effective data collection technologies and develop corresponding 

methodologies that scale well both geographically and across modes. This paper investigates the 

use of probe data and route-based mobility metrics to quantify urban mobility. 

2.2  Literature Review  

2.2.1 Basic Mobility Data 

Probe vehicle data, or travel time data collected from a subset of the vehicle population, 

have been used for numerous years. Originally, probe vehicle travel runs were performed using 

manual methods such as driving an individual vehicle along a corridor (Robertson and Hummer 

1994). Those techniques were costly and difficult to obtain statistically valid sample sizes 
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(Quiroga and Bullock 1998). More recently, these probe vehicle travel runs have been 

performed using the assistance of vehicle matching technology such as License Plate Readers, 

Toll Tags, Bluetooth or WiFi detectors, and devices equipped with Global Positioning Systems 

(Hainen et al. 2011). The expansion of connected vehicles and cell phone navigation applications 

now generate data sets large enough to fundamentally re-assess how travel time and mobility are 

measured (Barth 2009; Haghani and Hamedi 2010; Wang and Xu 2011; Work and Bayen 2008). 

Consequently, probe data has recently emerged as a powerful and cost-effective tool that 

provides quantitative data that can be scaled to systematically tabulate consistent performance 

measures across regions, states, the U.S, and internationally. These data sets are widely being 

used to estimate corridor travel time (Jenelius and Koutsopoulos 2013; Zheng and Zuylen 2013) 

as well as to measure queue length on a signalized arterial (Comert and Cetin. 2009). Developing 

more innovative ways to use these data sources will be an important step in modernizing the 

tools we provide to elected officials and other decisions makers who are embracing performance 

measure based methods  (Federal Highway Administration Office of Policy and Governmental 

Affairs 2012; U.S. Federal Highway Administration 2016) to prioritize transportation 

investments in the coming decades. Recent research studies (Ferman et al. 2005; Chen and Chien 

2000) indicate that the probe vehicle data can be an efficient method to collect reliable real-time 

traffic information with accuracy. The United States Department of Transportation (USDOT) has 

also shown that this analysis, using probe data, is a cost-effective solution since it doesn’t require 

the use of large infrastructure and construction expenses and can be feasibly used by different 

transportation agencies (Wright et al. 2014).  

In this paper, travel time information from a widely used web mapping service provider 

is used to collect travel time information through the provider’s application programming 
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interface (API) instead of acquiring proprietary probe data from a commercial vendor. These 

data have been collected only from users of the web mapping service provider’s real-time traffic 

features who have agreed to provide their geolocation data via cellular apps, in-vehicle 

telematics, GPS, and other similar platforms (Espada and Bennett 2015). The percentage of total 

vehicles is unknown, but studies have shown these probe data sets accurately represent traffic 

conditions (Hamedi and Aliari 2017). Although the data has been pre-processed by the provider, 

several studies indicate that semi-processed probe vehicle data can be a reliable alternative to 

traditional roadside speed sensors (e.g., Bluetooth MAC address matching, or spot speed 

measurement using dual loops or radar detection) and also can provide minimal errors while 

using it for estimation (Hunter et al. 2009; Nanthawichit et al. 2003; Work and Bayen 2008). 

2.2.2 Proposed Route-Based Mobility Metrics 

The state of the practice for most agency mobility reports is to purchase 1-minute or 5-

minute data sets that characterize travel speeds on a series of roadway segments. However, 

commercial navigation systems now tabulate and provide real-time route-based travel time 

estimates for multiple routes that are dynamically updated based upon data contributed by other 

users. The objective of this paper is to propose a new approach of characterizing mobility of an 

urban area by investigating route-based travel time patterns between regions in a given 

geographic area that include travel on a variety of road classes. Unlike link-based travel time 

measuring techniques, which only consider travel times as a summation of travel times on 

individual links at a single time, the route-based approach estimates the travel times by 

considering the dynamic path congestion over the duration of trips during specific periods, 

thereby providing a better estimation of travel times for specific trips. This route-based approach 

of measuring travel time can be used to systematically determine performance measures 
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consistent with the peak hour travel time ratio (PHTTR) that is outlined in the Federal Highway 

Administration (FHWA) report on “National Performance Management Measures.” This report 

requires State Department of Transportation or (DOT) and Metropolitan Planning Organization 

(MPO) to establish a series of performance measures using probe-based mobility data (Federal 

Highway Administration Office of Policy and Governmental Affairs. 2012). The methodology 

presented in this study is scalable and can be used locally, regionally, or statewide to measure the 

PHTTR and other similar reliability metrics. Using this proposed technique, we can move from a 

facility-based mobility metric to a true journey time mobility metric that can potentially span 

multiple modes. 

2.3  Methodology  

The proposed route-based mobility metrics are based upon selecting two randomized 

points within a geographical or jurisdictional boundary, with one point as an origin and the other 

as a destination for a random trip. Geographic Information System (GIS) software was used to 

generate random point features of origin and destination points. With a trip Origin-Destination 

(O-D) pair identified, a web-based mapping service (Google Maps) along with its JavaScript API 

(Application-Programming Interface) was used to estimate the trip information between the input 

origins and destinations. The mapping service also identifies three routes based on travel times, 

time of the day, and historical factors. These routes are ordered on by the trip travel time, with 

route one being the most preferred and route three being the least preferred route based on 

minimizing travel time. The route travel times will change throughout the day as traffic 

conditions vary on each route which will thereby make one route more preferable than the others 

at various times. This route-based approach will allow the comparison of different length trips in 

a defined urban area.  
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Figure 2.1 shows an example of three routing options presented to a navigation app 

(Google Map) user, along with trip distance, estimated trip duration, and comparison of travel 

time without traffic. To find the shortest path or fastest route, different sets of algorithms such as 

“Dijkstra algorithm” (Dijkstra 1959) or a variant of “Contraction Hierarchies” algorithm 

(Geisberger et al. 2008) would likely to be used by the mapping service vendor. Depending on 

which navigation app is being used by the user, the trip information as well as the information 

layout on the app may vary. Systematically analyzing this type of data provides an opportunity to 

assess true network mobility dynamics as volume patterns vary throughout the day and network 

equilibrium concepts result in users choosing alternative routes that may not be immediately 

obvious. The ability to now evaluate actual route choice and real-time travel time variations 

provides a much richer characterization of true mobility. The first sample O-D pair in Figure 2.1 

shows each of the three preferred routes as individual records. The route distance in miles, the 

travel time with traffic, and the travel time without traffic are also shown for each of the 

preferred routes. A collection of different length trips was analyzed using a large set of O-D pairs 

for each metropolitan area randomly distributed across a defined transportation network area. 

This analysis was repeated for 600 pairs of O-D points that were evenly distributed across the 

city. Of particular note, this technique evaluated the overall regional mobility, not just mobility 

to and from an urban core. Table 2.1 shows a sample output of the data from 600 O-D pairs for 

New York City, including the sample records from Figure 2.1. An upper bound on the number of 

records for 600 O-D pairs is 1800, or three routes per pair. Since three routes may not be 

available for each pair the total number of records is 1,545. Table 2.1 corresponds to a single 

one-hour time slice. For a 24-hour period, a weekday was analyzed in 24 slices between 00 hours 

and 23 hours, resulting in 37,080 travel time records for one day for New York City. 
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Figure 2.1 Example of Travel Time Data for Three Alternate Routes With and 

Without Traffic 

Table 2.1 Route-Based Travel Time for Origin-Destination Pairs 

 

This data collection procedure was performed for three periods throughout the day for a 

temporal comparison of travel times for 50 cities across the country, as well as 15 cities in 
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Alabama. In addition, 24-hours of data was collected over a week for four cities. In total, 

approximately 1,370,000 travel time records were analyzed for this study. 

2.4  Scalable Analysis Using Time-Varying Route Travel Time Data 

As recently as five years ago, such a route-based approach would not be feasible due to a 

lack of GPS-based preferred route data. However, with an increase in probe data penetration this 

methodology scales quite well. This section demonstrates the scalability of this technique with 

three case studies, representing three distinct geographic scales. The first is a city-level 

assessment of Birmingham, Alabama, during peak and off-peak periods. The second is a 

statewide assessment of the 15 largest urban areas in Alabama. The final assessment is a 

characterization of peak hour travel time reliability over the 50 most populous cities in the 

United States. This methodology can thus be used in different locations without major 

calibration. 

2.4.1 Individual Urban Area: Birmingham, AL  

Route-based travel time information analyzed from one 1300-1400 Tuesday period in 

Birmingham is shown in Figure 2.2. This mid-day off-peak period was selected because the 

network would be moderately loaded with traffic, but outside of the AM and PM peak periods. 

Each point in Figure 2.2(a) represents a travel time for a given route during this hour. The x-axis 

corresponds to the trip length. Logically, the shorter the trip length the shorter the travel time; 

however, practitioners are also interested in how trip length effects the travel time distribution of 

trips throughout a city. There were 1,580 records collected for 600 pairs for this time period. In 

general, the travel times increase linearly with distance.  

To help visualize the travel time and travel time reliability trends by trip length, a series 

of cumulative distribution functions (CDFs) have been plotted in Figure 2.2(b). Each of these 
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distribution functions are used to show statistical distribution of travel times by trip length. As 

one would expect, the CDFs shown in Figure 2.2(b) line up in such a way that the shorter the trip 

length, the Shorter the travel time.  

 

Figure 2.2 Mid-Day (1300-1400) Birmingham, Alabama Travel Times, With Traffic 

Another element that can be investigated is the slope of the line, which represents the 

travel time reliability. Looking at the figure, as the trips get longer in length, the slope of the 

CDFs declines, which indicates that the stochastic variation in travel time is larger. This can also 

be represented using the interquartile range (IQR), or the difference between the 25th and 75th 

percentile travel times, also shown in Equation 2.1 below: 
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𝐼𝑛𝑡𝑒𝑟𝑞𝑢𝑎𝑟𝑡𝑖𝑙𝑒 𝑅𝑎𝑛𝑔𝑒 = 𝑇𝑟𝑎𝑣𝑒𝑙 𝑇𝑖𝑚𝑒75𝑡ℎ − 𝑇𝑟𝑎𝑣𝑒𝑙 𝑇𝑖𝑚𝑒25𝑡ℎ …Equation 2.1 

In addition to using the travel time to characterize performance, the average travel speed 

for each trip can also be determined. Figure 2.3(a), which is inversely proportional to Figure 

2.2(a), shows the average trip speed for approximately 1600 routes during the 1300-1400 period 

in Birmingham. These speeds were then grouped based on their trip length to the nearest mile to 

show the interquartile range of speeds in Figure 2.3(b). The first quartile or the 25th percentile is 

expressed as Q1 and the third quartile or 75th quartile is denoted as Q3 on the figure. It can be 

seen that the range of speeds increases as trip distance increases. 

 

Figure 2.3 Mid-Day (1300-1400) Birmingham, Alabama Average Travel Speeds, 

With Traffic 
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2.4.2 Statewide: Alabama 

Using this data collection technique, the top 15 largest cities in Alabama (based on 

population) were selected for a comparative analysis. A series of 1-mile binned median travel 

times were plotted as shown in Figure 2.4(a). This figure provides a scalable approach to 

compare the difference in trips by distance from one city to another. It should be noted that 

depending on the geographic area and constraints, such as water bodies, there may be an upper 

bound to the possible trip distance between two random points. For example, Madison has a 

maximum trip distance of 18 miles (callout “i”), and Vestavia Hills has a maximum trip distance 

of 21 miles (callout “ii”). Figure 2.4(b) highlights three of the cities shown in Figure 2.4(a) for 

further discussion. The red line shows the trend for Decatur, which has the worst travel time to 

trip distance ratio of any city in Alabama during the 1300-1400 weekday period. 
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Figure 2.4 Median 1-mile Binned Travel Times for the 15 Most Populous Cities in 

Alabama 1300-1400 

The blue line shows the trend for Birmingham. The green line shows the trend for 

Auburn, which has the fastest travel time based on trip distance in Alabama during the 1300-

1400 weekday period. Looking at specific trip length characteristics, the median travel time for 

20-mile trips is 27 minutes for Auburn and 35.5 minutes for Decatur. This difference of 8.5 

minutes is a 31% difference in travel times for 20-mile trips, which highlights the large range of 

differences between cities. Two sample Kolmogorov-Smirnov tests (discussed later in the paper) 

indicate that at 95% confidence level, Auburn has statistically similar travel time distribution 
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when compared to Birmingham and Decatur. Also, Birmingham and Decatur show similar travel 

time distribution between one another. Similar comparisons could also be made for different trip 

lengths, city pairs, and time of day. 

2.4.3 Nationwide: 50 Largest Cities 

In addition to comparing cities within state boundaries, cities across the nation can also 

be compared. The 50 most populated cities in the United States based on the most recent Census 

data were investigated. Population size was based on the city population and not the surrounding 

metropolitan area, but larger metropolitan areas could be considered in the future. The same data 

collection approach was used with approximately 600 random origin-destination within the US 

Census boundary for each city between 1300-1400 local time. While cumulative distributions 

were appropriate for comparing one local city to another, plots showing the interquartile range 

for different trip ranges may be more effective for comparing a large number of different urban 

areas. Figure 2.5 shows the median and interquartile travel times for trips of 5-10 miles, 10-15 

miles, and 15- 20 miles for the 50 most populous cities in the Unites States. As a reference, New 

York City is identified in all three charts (callout “i”).  

Data was also collected to continuously assess each hour for an entire week. Local time 

in the city was used as the frame of reference. The same 600 pairs were used consistently for 

each of the 168 sample hours. An example is shown for New York City in Figure 2.6. As 

explained earlier and shown in Figure 2.1, all routes had a “without traffic travel time.” By 

subtracting the travel time without traffic from the travel time “with traffic,” the delay from 

traffic can be determined and a distribution developed for the region. “With traffic” condition 

reflects a trip travel time with the presence of current traffic on the road and considers congestion 

(if available) due to traffic. Alternatively, “without traffic” condition would likely be the 
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historical average travel time for a given time of the day if no traffic congestion occurs. One 

novel aspect of this methodology is the ability to analyze travel times over multiple routes. It is 

important to note that different routes may be presented as different route numbers throughout 

the day as travel times change. In general, the navigation algorithm favors the lowest travel time 

(with traffic) as the primary or preferred route one. 

Figure 2.6(a) shows the average spread of available routes for each of the three 

alternatives. The commercial navigation algorithms for travel time are forward looking, which 

explains why the peak periods start earlier than traditionally observed. In other words, travel time 

information provided at 0700 is incorporating heavy traffic that will be encountered along the 

trip (whereas a facility-based analysis of travel time at 0700 would show low levels of 

congestion at that specific time). As such, 0630 is when a larger impact from traffic is observed 

due to drivers that will be seeking alternate routes during the peak period (callout “i”). Later in 

the midday, travel is lighter, and the primary route will likely see the most use during the 

afternoon period (callout “ii”). Again, route three starts to see some heavy utilization later in the 

afternoon (callout “iii”), followed by the primary route with the most utilization in the late off 

peak (callout “iv”). 
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Figure 2.5 . Pareto Sorting by Mid-Day (1300-1400) Travel Times for Four Different 

Trip Lengths for the 50 Most Populous Cities in the United States 

The actual routes for trip pairs are changing throughout the day, so the route set captured 

in this graph is actually capturing the total magnitude of traffic delay across all three routes on 

average for the 600 origin-destination pairs. This analysis can be extended over an entire week as 

shown in Figure 2.6(b), which illustrates the aggregation of multiple routes over a week to 

examine more macro daily and weekly trends in delay. The AM peak and PM peak (callout “v” 

and “vi,” delay is also noted for Thursday (callout “vii”). 
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Figure 2.6 New York City 24-hour traffic delays 

2.5  Integrating Route Travel Time into USDOT’s Proposed Metrics 

With the most recent release of the Federal Register (U.S. Federal Highway 

Administration. 2016), a new travel time reliability metric has been established as Peak Hour 

Travel Time Reliability (PHTTR). This metric is a ratio of the peak hour travel time to the 

desired peak hour travel time. The formula is shown below in Equation 2.2: 

𝑃𝐻𝑇𝑇𝑅 =
𝑃𝑒𝑎𝑘 𝐻𝑜𝑢𝑟 𝑇𝑟𝑎𝑣𝑒𝑙 𝑇𝑖𝑚𝑒

𝐷𝑒𝑠𝑖𝑟𝑒𝑑 𝑃𝑒𝑎𝑘 𝐻𝑜𝑢𝑟 𝑇𝑟𝑎𝑣𝑒𝑙 𝑇𝑖𝑚𝑒
 …Equation 2.2 
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The PHTTR is distinguished by using the desired peak hour travel time as the benchmark 

in the denominator. Historically, the Texas Transportation Institute in their Urban Mobility 

Report has used a Travel Time Index according to the following Equation 2.3: 

𝑇𝑟𝑎𝑣𝑒𝑙 𝑇𝑖𝑚𝑒 𝐼𝑛𝑑𝑒𝑥 =
𝑃𝑒𝑎𝑘 𝑇𝑟𝑎𝑣𝑒𝑙 𝑇𝑖𝑚𝑒

𝐹𝑟𝑒𝑒 − 𝐹𝑙𝑜𝑤 𝑇𝑟𝑎𝑣𝑒𝑙 𝑇𝑖𝑚𝑒
 …Equation 2.3 

The benchmark in the denominator of free-flow travel time is different than the desired 

peak hour travel time since during the peak periods, free-flow conditions may not be reasonable, 

and one would expect some level of congestion during the peak hours. This desired travel time 

would likely be some historical percentile travel time which would be based on historical data 

observations. For the PHTTR calculations in this paper, the collected “travel time without 

traffic” is used as the desired peak hour travel time. This number does change throughout the day 

and is not a fixed value, as the free-free flow travel time might be. 
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Figure 2.7 Pareto Sorting of 50 Most Populous Cities in the United States Based on 

AM/PM Peak Hour Travel Time Reliability (PHTTR) 

With the route-based data collected, the travel time without traffic was used for the 

desired peak hour travel time, and the travel time with traffic represents the peak hour travel 

time. Figure 2.7 shows the results for the 50 most populated cities in the US for 10-15 mile trips 

during the 0730- 0900 AM peak and 1645-1815 PM Peak. In general, PM PHTTR tends to be 

higher than the AM PHTTR. The results for the cities with the top PM PHTTR are listed in 
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Table 2.2. The travel time index from the Texas Transportation Urban Mobility Report are also 

included. It should be noted that some of the cities have very consistent travel time index scores 

(Washington, D.C. and Los Angeles, for example). However, as one would expect when using a 

different methodology (route-based vs. facility-based) there are also some significant differences 

in the rankings shown in Table 2.2. Two extremes of the PM PHTTR plot are noted in Figure 

2.7(b) with callouts. Portland, Oregon (callout “i”), has a notably high PHTTR with the median 

near 2.0. At the other end of the scale, the city with the lowest PHTTR was Mesa, Arizona 

(callout “ii”). Figure 2.8 provides further information on the data used to calculate the PM 

PHTTR for Portland and Mesa. 

Figure 2.8(a) shows PHTTR versus distance for Portland and it indicates that the PHTTR 

for Portland is higher when the trip distance is between 5-25 miles; it then drops after 25 miles, 

likely reflecting urban congestion in the immediate downtown vicinity (center of the Portland 

area where the data was collected). Figure 2.8(b) shows PHTTR for Mesa and demonstrates a 

city with little variation in the PHTTR across all trip distances. Figure 2.8(c) shows the median 

and IQR PHTTR for both Mesa and Portland. While Portland’s high PHTTR may be a concern 

with regards to automobile transport, Portland has a very progressive bike and mass 

transportation program that is not included in this analysis.  

One of the strengths of this analysis is the ability to extend these route-based mobility 

metrics to other modes. Figure 2.9 illustrates travel times for a two-mile trip on four alternative 

modes (auto, transit, walking, and biking). The data in this figure was taken during the PM peak 

period when auto congestion is high, and biking is the fastest mode. In this particular case, the 

bike option is the fastest, and the transit option is very close to the auto option and would quite 
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likely be quicker than auto if time to park were also considered. This approach shows much 

promise for assessing transportation systems from a multi-modal perspective with this data. 

 

Figure 2.8 1645-1815 PM Peak Hour Travel Time Reliability Comparison 
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Table 2.2 PHTTR compared to Texas Transportation Institute Travel Time Index 

 

 

Figure 2.9 Portland Travel Times by Mode 

 2016 Peak Hour Travel Time Reliability 

Ranking (from this study) 

2015 Texas Transportation 

Institute Ranking 

City PM PHTTR Rank AM PHTTR Rank Travel Time Index Rank 

Portland, OR 1.90 1 1.17 9 1.35 7 

Minneapolis, MN 1.63 2 1.45 1 1.26 21 

New York, NY 1.53 3 1.15 12 1.34 8 

Austin, TX 1.51 4 1.13 13 1.30 10 

Seattle, WA 1.47 5 1.29 7 1.38 3 

Los Angeles, CA 1.47 6 1.36 2 1.43 1 

Chicago, IL 1.45 7 1.33 4 1.31 14 

Denver, CO 1.38 8 1.30 6 1.30 16 

Louisville, KY 1.37 9 1.00 47 1.20 37 

Washington, D.C. 1.35 10 1.21 8 1.34 8 

 1 
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2.6  Statistical Comparison Between Cities using Kolmogorov-Smirnov Test for Two 

Samples 

To self-assess transportation system performance, the data in this paper can be used to 

identify statistically similar cities on which any city can compare their performance. Determining 

statistically significant city pairs may allow for high-level comparisons of successful 

transportation programs and practices that are being deployed in similarly behaving 

transportation networks. The Kolmogorov–Smirnov test is regarded as one of the most useful 

methods to examine whether two probability distributions can be regarded as indistinguishable 

from each other or whether probability distribution varies from a hypothesized distribution (Olea 

and Pawlowsky-Glahn 2009). The early improvement of the Kolmogorov-Smirnov test is due to 

the development of a test which was established on the maximum deviation of two empirical 

distributions (Kolmogorov 1933). This study uses two sample Kolmogorov-Smirnov tests to 

examine whether two independent samples (travel time of two different cities) have been drawn 

from same population (or from populations with the same distribution). The distribution function 

of the two samples is expected to be similar if they are drawn from the same distribution. On the 

other hand, samples drawn from different populations will be fairly far apart from each other. 

Two hypotheses are tested: 

𝐻0: The tests are drawn from the same population (follow the same distribution) 

𝐻1: The tests are drawn from two different populations (do not follow the same distribution) 

In this study, a two tailed test is performed, and level of significance is considered as 

95% (𝛼 =  0.05). To conduct the test, the 𝐷-statistic, which is the maximum vertical distance 

between the two cumulative distribution function (CDF), is first calculated. The D-statistic is 

calculated using Equation 2.4: 
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𝑫𝒔𝒕𝒂𝒕 = |𝑬𝟏(𝒊) − 𝑬𝟐(𝒊)| …Equation 2.4 

𝐸1 and 𝐸2 are the empirical distribution functions for the two samples. Also, the D-value, 

or 𝐷𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙, is calculated using Equation 2.5: 

𝑫𝒄𝒓𝒊𝒕𝒊𝒄𝒂𝒍 = 𝒛√
𝒏𝟏 + 𝒏𝟐

𝒏𝟏𝒏𝟐
 …Equation 2.5 

𝑛1 and 𝑛2 are the numbers of bins in the two CDFs, and 𝑧 is a quantity that is related to 

limiting cumulative distribution function, or 𝐿(𝑧). The 𝐿(𝑧) can be determined using Equation 

2.6: 

𝑳(𝒛) = 𝟏 − 𝟐 ∑(−𝟏)𝒗−𝟏𝒆−𝒗𝟐𝒛𝟐

∞

𝒗=𝟏

= (𝟐𝝅)
𝟏
𝟐𝒛−𝟏 ∑ 𝒆

−
(𝟐𝒗−𝟏)𝟐𝝅𝟐

𝟖𝒛𝟐

∞

𝒗=𝟏

 …Equation 2.6 

Since the formula for 𝐿(𝑧) is iterative, Kolmogorov lookup table (Smirnov 1948) is used 

to find the value of 𝐿(𝑧). After calculating the 𝐿(𝑧), the P-value can be calculated using 

Equation 2.7: 

𝑷 = 𝟏 − 𝑳(𝒛) …Equation 2.7 

The null hypothesis is accepted if the 𝑃-value is larger than the level of significance and 

rejected if otherwise. To apply the Kolmogorov-Smirnov test between each of the 50 cities, the 

cumulative distribution functions of speed for each city are made using the same bin size or step 

interval. When comparing the distribution functions of one city to another, similar bin size or 

interval helps to identify true statistical differences between two functions.  Since the number of 

sample observation is greater than 40, a two tailed test is performed and Kolmogorov lookup 

table (Smirnov 1948) is used to find the value of 𝐿(𝑧). 
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Figure 2.10 Kolmogorov-Smirnov Test Results for 50 Cities 

Figure 2.10 shows the summarized conclusion of the Kolmogorov-Smirnov test results. 

For each of the 50 cities, statistically similar cities are denoted in the column and row of this city. 

For example, Portland, Oregon, has nine cities that have statistically similar transportation 

characteristics in regards to vehicular travel speed. In Figure 2.11, the resulting 𝑃-values and 𝐷-
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statistics of Portland, Oregon, is compared with five of these cities: San Francisco, Seattle, 

Louisville, and Washington, D.C. The results indicate that the speed distribution of San 

Francisco and Seattle are statistically similar to Portland since their corresponding 𝑃-values are 

greater than 𝛼 = 0.05. This is graphically observed with highly similar CFDs. On the other hand, 

the speed distribution of Louisville and Washington, D.C., are statistically different from 

Portland as their 𝑃-values are less than 𝛼 = 0.05. The 𝐷-statistics are shown graphically by the 

vertical lines which represents the maximum difference between the two distributions.  

 

Figure 2.11 Comparison of P-Values Resulting from the KS Test 

From Figure 2.11, it is also observed that the distribution of Washington, D.C., is shifting 

left (callout “i”) from Portland which indicates a decrease in travel speed. Alternatively, the 

distribution of Louisville is shifting right (callout “ii”) from Portland indicating an increase in 

travel speed. There are many reasons why one city would be different from (or similar to) one 

another. Critical items include the transportation system itself and the performance it provides, 
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geographic topography, road network layout, population density, etc. Controlling for these 

variables is very challenging, but this testing methodology does show how cities compare when 

evaluating their levels of transportation mobility. 

2.7  Conclusions 

Historically, probe data has been used to calculate facility-based metrics mobility 

metrics. In this paper, a route-based approach has been used to establish scalable metrics that can 

be used to compare wide-area transportation system performance from one geographic area to 

another. This provides a logical migration from traditional planning traffic analysis zones to a 

framework that incorporates modern probe data spanning a wider jurisdictional area. More 

importantly, this technique implicitly incorporates last mile of connectivity that includes local 

roads. Techniques for abstracting these measurements to compare regional mobility are 

discussed. An objective comparison using statistical testing may also be useful to compare one 

city to another based on the distribution of samples. Some of the specific conclusions found in 

this paper include: 

(1) This route-based approach scales well to provide decision makers with both time of day 

and distance based mobility metrics. This is a robust metric that can be used and tailored 

for different priorities and studies. 

(2) Approximately 1.3M route travel time records for the largest 50 cities in the US were 

analyzed and the proposed Peak Hour Travel Time Reliability Index, or PHTTR, was 

tabulated. This shows that the approach used here is useful in developing new metrics 

and comparing established metrics, such as the travel time index used in the Texas 

Transportation Urban Mobility Report. 
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(3) Distribution analysis of route-based travel speeds can help to measure travel reliability. 

The Kolmogorov-Smirnov is used as one example, but other statistical tools could be 

used with this dataset to identify different factors that affect travel speeds and travel time. 

(4) The route-based metrics demonstrated in this paper can be extended beyond vehicle 

traffic to other modes of transportation. Evaluating different modes individually or 

against one another can help to further sustainable transportation performance measures. 

Future work to address some of the limitations should include considering additional 

factors such as population, road network characteristics, etc. Considering trips from different 

traffic analysis zones instead of just within the city boundary will help to reveal issues with 

transportation equality. The travel time algorithms from various providers will need to continue 

to be studied since this data is pre-processed (though the data source used in this paper is already 

used daily by millions of users). 

This paper provides a new holistic route based approach to assess urban transportation 

networks. The purpose of such methods is to measure the performance of entire systems and 

determine the effectiveness of large scale programs and efforts. Statistical tests and methods can 

also be used to compare strategies and investments of peer cities over time. The paper concludes 

by illustrating how this route-based technique can be extended to include alternative modes such 

as transit, biking, and walking. This extension will be critical in providing transportation 

investment decision makers quantitative data to help guide their decision making process 

regarding future transportation infrastructure.
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CHAPTER 3  

TRAJECTORY-BASED SIGNAL CONTROL IN MIXED CONNECTED 

VEHICLE ENVIRONMENTS  

3.1  Introduction 

Real time signal optimization at signalized intersections is poised to undergo substantial 

changes with the availability of trajectory data from the connected vehicle (CV) technologies. 

CV technology, also referred to as vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) 

communication, is the rapid and continuous electronic communication between vehicles and 

infrastructure to improve safety and mobility and reduce the environmental impact of 

transportation (US DOT 2015). Several trajectory-based signal control studies have been done in 

recent years (Dresner and Stone 2008; Feng et al. 2015, 2016; Goodall et al. 2013; Guler et al. 

2014; Lee et al. 2013; Lee and Park 2012; Mirheli et al. 2018; Yan and Shen 2017; Lin et al. 

2017). In general, the objectives of these studies are to use trajectory information for adaptive 

signal control, for manipulating CV maneuvers and speed near the intersection, to optimize 

signal timings, and to improve the intersection efficiency.  

Despite these early efforts, V2I deployments are scattered, and CV technology is 

considered to be at its nascent stage with the period for its complete development being uncertain 

(Charles 2017; Hallmark et al. 2019; Office of the Assistant Secretary for Research and 

Technology (OST-R) 2020). This limits the practical implementation of the research studies 

which are based on idealistic assumptions such as 100% CV traffic and/or existence of V2I 

communications. Until the technology is fully developed, it can be reasonably assumed that most 
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vehicles on the roads would lack CV capabilities, thus making the implementation of 

trajectory-based signal control impractical and the benefits of the new technologies unrealized. 

One possible way to overcome this limitation is to supplement the existing signal control systems 

with capabilities to handle the trajectory data. The paradigm shift of this paper is to be able to 

transition into a trajectory-based control environment during the next decade of CV network 

implementation by using existing or near-horizon hardware and architectures. The goal of this 

work is to deploy and make ready an infrastructure-based sensor system that relies on trajectory-

based control for existing signal control equipment. The objectives include the development of 

an innovative signal control system to improve intersection performance and to present delay-

based and weighted delay-based novel control algorithms based on vehicle trajectory 

information. The novelty of this work is to develop algorithms and means for testing 

forthcoming algorithms for field deployment consideration. This study shows the benefits of a 

prototype real-world trajectory control system using trajectory information for a delay-based 

control regime at an actuated signalized intersection in context to previous work in this area.   

3.2  Literature Review 

Traffic signal control technologies have been around for more than a century, and the 

first of their kind was installed in 1868 at London, England (Webster and Cobbe 1966). Since 

then, traffic signals have become critical part of transportation networks. However, due to 

improper installation and lack of adopting proper control strategy, delays at traffic signals are 

still estimated to contribute 295 million vehicle-hours of delay on major roadways (National 

Transportation Operations Coalition (NTOC) 2012). Such delays and congestion-related losses 

are predicted to further increase with time and have been predicted to rise by about 32% from 

$179 to $237 billion by 2025 (Schrank et al. 2019).  
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To address the ever-changing delay conditions, both actuated and adaptive control 

strategies have been used in real-time (Feng et al. 2015). However, actuated and adaptive signal 

control provides only instantaneous detection information at a few fixed sensor locations and 

therefore nothing about individual vehicle states (e.g., accelerating, waiting, queued, etc.). 

Advanced sensor types, including radars, video cameras, and LiDAR, have been used to emulate 

traditional zone detection, but are constrained in their ability to share additional information 

(such as speed and position) with the signal controllers. In recent control advances, efforts have 

shifted to the use of probe vehicle data using wireless location technology (Guo et al. 2019; 

Talukder et al. 2018). Compared to the fixed sensors, probe vehicle data provides more traffic 

flow information as well as improved traffic state knowledge (Guo et al. 2019). However, probe 

data method also poses some challenges. For example, vehicle trajectories obtained from the 

probe data are sometimes widely scattered due to low temporal resolution (He et al. 2017; Ou et 

al. 2011), and trajectories must be reconstructed to get better traffic flow information (Sun and 

Ban 2013). (Katrakazas et al. 2015) recommended enhanced sensing technologies with vehicular 

communications to improve intersection performance.  

Recent advancements in communication technologies have helped CV technology to 

significantly enhance its data exchange capabilities among vehicles, infrastructure, and mobile 

devices (Guo et al. 2019). CV technology refers to V2V and V2I communication through a 

dedicated short-range communication (DSRC) (Feng et al. 2015). The framework of DSRC 

messages is defined by Society of Automotive Engineers International (SAE) J2735 (Lee et al. 

2013a). These messages include the basic safety message (BSM), signal request message (SRM), 

signal phase and timing (SPaT) message, map data (MAP) message, and signal status message 

(SSM). The BSM reports a vehicle’s status such as location, speed, and heading (Feng et al. 
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2016). Such information can be used to derive vehicle trajectories when transmitted continuously 

over time (Mirheli et al. 2018). With the future CV environment and BSMs, previously 

unobtainable and high-fidelity traffic data can now be collected and shared with other equipped 

vehicles and infrastructure.  

Several research efforts demonstrate that previously unobtainable V2I information can 

overcome the challenges resulting from insufficient information to improve the efficiency of an 

intersection (Lee et al. 2013a). Some of these works include using a dynamic gap-out approach 

to optimize signal timing plans (Agbolosu-Amison et al. 2012), using reservation-based 

multiagent system to reduce wasted time and incidents at intersections (Dresner and Stone 2008), 

enabling cooperation between vehicles and infrastructure to improve intersection performance 

(Lee and Park 2012; Mirheli et al. 2018), and reduce crash events at intersections (Lee et al. 

2013b). In addition, several studies looked at the use of vehicle trajectory data to improve signal 

control performance. For example, (Feng et al. 2016) used trajectory data to develop a 

framework for adaptive signal control that considered dilemma zone protection, multimodal 

signal priority, and coordination. (Yan and Shen 2017; Lin et al. 2017) presented a trajectory-

based driving speed optimization strategy that minimized vehicle travel time and avoided 

congestion. (Feng et al. 2015) demonstrated a real-time adaptive signal phase allocation 

algorithm using CV data to optimize signal phase sequence and duration. (Guler et al. 2014) 

proposed an algorithm for two one-way-streets assuming partial penetration rates of CVs to gain 

insights about the value (in terms of delay savings) of using CV technology for intersection 

control. (Priemer and Friedrich 2009) developed a decentralized traffic signal control technique 

using V2I-communication data to minimize the total queue length at each signalized intersection 

in the network. (Goodall et al. 2013) proposed a predictive microscopic simulation algorithm for 
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traffic signal control. The algorithm uses vehicle trajectory data and rolling horizon strategy to 

optimize either delay or a combination of delay, stops, and decelerations. In the future, 

autonomous vehicles (AVs) will also rely on these types of control mechanisms (Penmetsa et al. 

2019; Ziakopoulos et al. 2019). Such state-of-the-art research studies could presumably 

contribute to the overall development and growth of CV technology; but this will only happen if 

and when there exists either a V2I communication or connected autonomous vehicles (CAVs). 

While use of trajectory data shows huge potential for improving traffic efficiencies, the 

time for complete adoption and deployment of V2I technology is, again, uncertain (Charles 

2017; Hallmark et al. 2019). Lack of on-board units (OBUs) in most vehicles and scarce 

implementation of V2I technology are acting barriers to the development of CV infrastructure. In 

the future, CVs will provide vast amounts of data that will be used to control vehicle priorities at 

intersections. In near- to medium-term, a mixed fleet of vehicles will necessitate that additional 

key information be gathered from other means for non-CVs. Thus, there is a need and an 

opportunity to improve the performance of the existing signal systems if they can be 

supplemented to work with the trajectory data similar to that of V2I but without the necessary 

market adoption. 

3.2.1 Research Goals and Objectives 

This study addresses the need to improve intersection efficiency using trajectory-based 

signal control in a system without a V2I communication and/or connected vehicles. This paper 

examines the potential of using infrastructure-based detection systems to generate trajectory 

information for both connected and non-connected vehicles. The first objective of this study is to 

develop and establish a signal control system that uses trajectory information from infrastructure 

sensors to minimize delays at a signalized intersection. The second objective is to execute delay-
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based algorithm (DBA) in a microsimulation environment using virtual detections as logic input 

for the traffic signal controller. The third objective is to explore a novel version of the delay-

based algorithm to include distance-weighting criteria (called a weighted delay-based algorithm 

(WDBA)). Both algorithms in the pilot deployment will be able to overcome the limitations of 

prior CV research efforts which are focused on traffic control in a complete V2I and/or CAV 

environment. Thus, this paper adds a new line of research direction of trajectory-based signal 

control in mixed or non-V2I environments. 

3.3  Empirical Modelling Approach 

The intersection selected for this study was an isolated four-legged intersection at Peter 

Bryce Boulevard and Campus Drive as shown in Figure 3.1(a). This intersection features a 

prototype set of radar sensors that can collect trajectory information from non-CVs and share this 

data with the controller in the form of extended objects. These radar sensors are also capable of 

providing stop bar and advance detection, as well as lane-by-lane detection. A cellular-based V2I 

communication system known as cellular vehicle-to-network (C-V2N), which is capable of 

broadcasting SPaT information and collecting BSMs, is also deployed for future testing (Hainen 

et al. 2019). This system uses existing 4G cellular networks to facilitate connected vehicle data 

and applications without additional radios traditionally used in a spatially restricted connected 

vehicle platform. Figure 3.1(a) shows the virtual BSMs or vehicle trajectory information of two 

southbound approach vehicles in a pilot field deployment (the inset lower left table). These 

vehicles are visually captured and shown in the picture directly above the table. In the center of 

Figure 3.1(a), an example vehicle is depicted in the radar sensor software. It is to be noted that, 

the virtual BSMs are collected by the infrastructure-based radar detection system and each radar 

sensor only shares the trajectory information for vehicles on the observed approach. There are 
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four such tables, but only one is shown for the southbound approach. The SPaT information from 

traffic controller is being provided to the vehicle over the CV2N iOS/Android app). In the right 

side of Figure 3.1(a), the C-V2N system with SPaT and BSM information is shown in the free 

iOS/Android app. The table in the lower right shows that there are nine connected vehicles 

somewhere in the system.  

For the algorithm development and testing, a VISSIM simulation model of the study 

intersection was created (Figure 3.1 (b)). Figure 3.1(b) also shows the geometric features, signal 

phasing, and eight unique signal phase groups. The signal control was modeled using the 

Econolite ASC/3 software-in-the-loop (SIL). To emulate the logic of virtual call in simulation, 

eight detectors corresponding to the eight unique signal phase groups were created in VISSIM 

and manipulated through the VISSIM COM interface. A COM script was written in Python to 

execute the trajectory-based signal control in the simulation model. The COM script read and 

retrieved the trajectory information in real simulation time (as would the radar sensor on the 

field), performed delay computations, placed virtual detections on the controller to change signal 

phases, and collected VISSIM node evaluation results at the end of each simulation run. A 

snapshot of the real-time trajectory data is shown in Figure 3.1(b). The data consists of location 

coordinates, speeds, and accelerations of the vehicles. The data emulates the BSM sent by the 

OBUs or CVs to the road-side units (RSUs) in a V2I communication. To understand how 

trajectory information of the vehicles is being used to analyze delays and establishing signal 

control system, a sample analysis of a single eastbound thru (EBT) vehicle (callout “i” and 

callout “ii” in Figure 3.1(b)) will be discussed in detail in the following section. A second 

VISSIM model was developed to simulate the existing free mode operation which serves as 

baseline scenario. This was essential to compare the performance of trajectory-based signal 
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control to that of a baseline scenario. For the traffic input, the PM peak hour counts from 5:15 to 

6:15 pm were used as the input flow rate (combined flow of the four approaches) of 876 

vehicles/hr. Each replication was simulated for a total of thirty minutes which included five 

minutes each for warm-up and cool-down times. Ten replications of each models using ten 

different random seeds that uniformly varied from the lowest to highest range were performed to 

capture the complete range of possible stochastic behavior of the traffic characteristics in the 

results (Lidbe et al. 2019; Lidbe et al. 2017). 
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Figure 3.1 Campus Drive and Peter Bryce Boulevard Radar Deployment and 

Simulation Setup 
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3.4  Delay Measurement 

One of the key objectives of this study is to develop and establish a signal control system 

that uses trajectory information to reduce delays at a signalized intersection. This section 

discusses how trajectory information of the vehicles are being used to analyze delays. Figure 3.2 

demonstrates the analysis of speed, delay, and cumulative delay of an individual vehicle in the 

network. The vehicle delay for a traffic movement is computed using Equation 3.1 

 𝒅𝒊 = ∆𝒕 ∑ (𝟏 −
𝒗𝒏,𝒊

𝒗𝒊
′ )

𝑵𝒊

𝒏=𝟏

 …Equation 3.1 

Where 

i is a set of the eight movements at the intersection corresponding to the eight signal 

phases,  

∆𝒕 is the time interval for which the vehicle delay is calculated,  

𝒅𝒊 is the total delay for the time interval ∆𝒕 for the movement i,  

𝑵𝒊 is the total number of vehicles present during the time interval ∆𝒕 on movement i,  

𝒗𝒏,𝒊 is the speed of vehicle n on movement i, 

𝒗𝒊
′ is the ideal speed for movement i. 

Figure 3.2(a) shows three different instances of the vehicle positions. Vehicle position 1 

(callout “i”) is the start of yellow interval, position 2 (callout “ii”) is at the end of the red 

clearance, and position 3 (callout “iii”) is when the vehicle has passed the stop bar during green 

signal phase. Callout “i” in Figure 3.2(b) indicates the decelerating speed of the vehicle at time = 

50.1 seconds. Callout “ii” shows the vehicle is stationary (time = 65.1 seconds) when the speed 

is zero due the red signal. Finally, callout “iii” shows the accelerating speed of the vehicle at 

time = 67.1 seconds as it leaves the intersection during the green phase. The accumulation and 
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dissipation of delay of the vehicle as it travels through the intersection is demonstrated in Figure 

3.2(c). Note that the delay is calculated using Equation 3.1 where 𝒊 is “EBT” and 𝑵𝒊 is one. Both 

delay and cumulative delay starts to peak (callout “i”) as the vehicle begins to slow down due to 

the downstream yellow and red signal phases. As the vehicle is stopped at the stop bar on red, the 

delay gets accumulated further (callout “ii”). When the signal turns green and the vehicle moves 

pass the stop bar, the algorithm stops tracking delay of the vehicle and both the delay and 

cumulative delay drops down to zero (callout “iii”).  

The raw trajectory data is an emulation of the BSM that would be received from the radar 

sensors at every tenth of a second and it includes vehicles’ location coordinate, speed, and 

acceleration. To ease the computational processing of the data at every tenth of a second, the data 

was actually collected for one second intervals. Table 3.1 shows the snapshot of trajectory data 

that was used for analysis at every one second interval. In addition to the BSM data, this table 

also shows derived information such as vehicle distance from the stop bar (calculated by using 

the Cartesian distance formula), delay (using Equation 3.1), and cumulative delay. It should be 

noted that once a vehicle passes the stop bar, the vehicle is no longer active in the list of 

observed vehicles for a given approach, and hence the delay and cumulative delay beyond 66 

seconds in Table 3.1 are zero. 
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Figure 3.2 Speed, Delay and Cumulative Delay for a Single EBT Vehicle 
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Table 3.1 Sample Trajectory Data for Single EBT vehicle 

Timestep Front X Front Y Rear X Rear Y 
Speed  
(km/h) 

Acceleration 
Distance 

from 

Stopbar (m) 
Delay 

(seconds) 
Cumulative 

Delay 

(seconds) 
50.0 -66.17 -58.58 -69.93 -59.96 43.00 -0.25 35.71 0.11 0.11 
51.0 -55.15 -54.35 -58.89 -55.81 40.93 -1.82 78.51 0.15 0.26 
52.0 -45.86 -50.59 -49.57 -52.12 30.32 -3.40 45.66 0.37 0.63 
53.0 -39.56 -48.08 -43.30 -49.54 18.75 -3.03 23.50 0.61 1.25 
54.0 -36.00 -46.74 -39.75 -48.18 9.06 -2.34 11.30 0.81 2.06 
55.0 -34.56 -46.16 -38.29 -47.62 2.83 -1.19 2.00 0.94 3.00 
56.0 -34.18 -46.01 -37.92 -47.47 0.58 -0.38 1.66 0.99 3.99 
57.0 -34.15 -46.00 -37.89 -47.46 0.00 0.00 1.64 1.00 4.99 
58.0 -34.15 -46.00 -37.89 -47.46 0.00 0.00 1.64 1.00 5.99 
59.0 -34.15 -46.00 -37.89 -47.46 0.00 0.00 1.64 1.00 6.99 
60.0 -34.15 -46.00 -37.89 -47.46 0.00 0.00 1.64 1.00 7.99 
61.0 -34.15 -46.00 -37.89 -47.46 0.00 0.00 1.64 1.00 8.99 
62.0 -34.15 -46.00 -37.89 -47.46 0.00 0.00 1.64 1.00 9.99 
63.0 -34.15 -46.00 -37.89 -47.46 0.00 0.00 1.64 1.00 10.99 
64.0 -34.15 -46.00 -37.89 -47.46 0.00 0.00 1.64 1.00 11.99 
65.0 -34.15 -46.00 -37.89 -47.46 0.00 0.00 1.64 1.00 12.99 
66.0 -30.65 -44.45 -34.33 -46.04 16.58 2.72 -2.66 - - 
67.0 -25.35 -41.84 -28.95 -43.62 25.80 2.46 -8.41 - - 

 

Figure 3.3 shows the aggregated delay for all EBT vehicles under a free signal control. 

Similar to the delay in Figure 3.2(c), delay in Figure 3.3 accumulates whenever the measured 

speed of each vehicle drops below the ideal speed of 50km/h (according to …Equation 3.1). As 

several vehicles’ speeds drop below 50km/h, the delay rapidly accumulates and peaks while any 

vehicles are stationary in a queue due to the red interval (callout “i”). Once the signal turns 

green, the vehicles begin to accelerate past the stop bar and the delay starts to dissipate as 

vehicles are no longer in the list of tracked vehicles for that approach (callout “ii”). While Figure 

3.3 high lights delay analysis for EBT movement, other movements are studied as well. For 

instance, at simulation times 115 and 133 seconds, northbound thru (NBT) and westbound left 

(WBL) respectively had the highest delays (callouts “iii” and “iv”) compared to the EBT delays 

and therefore were served green while EBT delay was building up. Similarly, while the green is 

being served to EBT, at time 160 seconds, highest delays are accumulated for southbound left 

(SBL) (callout “v”) which causes the termination of green to EBT. While Figure 3.3 is for a 
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“free” control regime, the same delay measurements will be used to evaluate performance of two 

algorithms presented in the rest of the paper. 

 

Figure 3.3 Delay Profile of EBT Vehicles for Free Timing Control 

3.5  Delay-Based Algorithm (DBA) 

Free control is certainly common in the traffic control toolbox, but the use of vehicle 

trajectories in the control logic sequence is the aim of this paper. As a first step towards using 

delay-based algorithms, the research starts with a simple DBA (Chandan et al. 2017; Pereira 

2018; Yang et al. 2016). The traffic signal control algorithm proposed in this paper was 

developed to achieve the following objectives: 

(1) To match or significantly improve the performance of a signalized intersection.  

(2) To respond to real-time demands only, and thereby eliminating the need for setting 

different time-of-day (TOD) plans or signal retiming for traffic growth or fluctuations. 
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(3) Never to reidentify, track, or store any records of individual or aggregate vehicle 

movements for any length of time once the vehicle leaves the intersection, thereby 

protecting driver privacy. 

To accomplish these objectives, a rolling-horizon approach, in which the signal controller 

attempts to minimize an objective function of current approach delay (Equation 3.1) of the 

intersection in real time is used. Although ∆t, the time interval for updating vehicle delays was 

set to one second, the decision to switch the phases were made at 10-seconds intervals. This 

decision window was based upon a minimum green of five seconds, a yellow change interval of 

three seconds, and one second of all red clearance. Serving multiple consecutive intervals to a 

phase group was permitted. The traffic signal control logic proposed in this study is shown in the 

flowchart in Figure 3.4. The trajectory information is input into the algorithm on a continuous 

basis. Delays and cumulative delays for each unique phase group are evaluated and updated at 

every time step of one second.  Further, the decision to continue or change signal state of a 

specific phase group is evaluated at every 10-seconds interval. If the decision is “yes”, the virtual 

detection is triggered for the corresponding decision which further prompts the controller to take 

the necessary action. 
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Figure 3.4 Trajectory-based Signal Control Logic Overview 
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Table 3.2 Phase Group Decision for Delay-Based Algorithm (DBA) 

 

Table 3.3 lists the delay for each of the eight phase groups and the controller decision for 

green signal phase at every 10-seconds interval using DBA. The proposed algorithm serves green 

to the phase group with highest delay compared to the other phase groups. For example, as the 

green is served for the phase group 1 (EBT_WBT) during the 50-60 seconds interval, it 

accumulates only 6.5 seconds of delay whereas phase group 6 (NBT_NBL) accumulates 26.4 

seconds of delay which is the highest among the eight groups and hence is served green for the 

following 60-70 seconds interval.  As a result, the phase group 6 delay can be seen to drop down 

to 0.3 second, but meanwhile phase group 4 (WBT_WBL) accumulates the highest delay of 25.9 

seconds for this interval and hence is served green in the following 70-80 seconds interval. Also, 

note that the proposed algorithm follows a variable phasing sequence and can serve multiple 

 Group 1 Group 2 Group 3 Group 4 Group 5 Group 6 Group 7 Group 8   

Time EBT_WBT EBT_EBL EBL_WBL WBT_WBL NBT_SBT NBT_NBL NBL_SBL SBT_SBL 
Highest 

Delay 

Decision 

10 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 - EBT_WBT 

20 0.3 0.0 0.0 0.3 0.0 0.0 0.0 0.0 Group 1 EBT_WBT 

30 1.9 0.3 0.0 1.6 0.9 0.9 0.0 0.0 Group 1 EBT_WBT 

40 7.3 1.5 0.0 5.8 3.4 2.8 0.0 0.6 Group 1 EBT_WBT 

50 11.8 2.8 0.0 9.0 4.6 7.0 3.9 1.6 Group 1 EBT_WBT 

60 6.5 1.9 4.4 9.0 15.1 26.4 13.9 2.7 Group 6 NBT_NBL 

70 18.2 4.7 12.4 25.9 11.9 0.3 0.0 11.6 Group 4 WBT_WBL 

80 21.8 15.3 0.0 6.5 23.2 0.9 0.0 22.3 Group 5 NBT_SBT 

90 51.4 35.0 0.0 16.4 4.1 2.5 0.0 1.6 Group 1 EBT_WBT 

100 17.3 11.0 0.0 6.3 3.7 2.5 4.0 5.2 Group 1 EBT_WBT 

110 9.3 3.6 1.9 7.6 8.9 5.5 13.9 17.4 Group 8 SBT_SBL 

120 12.0 10.9 21.0 22.2 25.5 16.9 0.0 8.6 Group 5 NBT_SBT 

130 32.9 29.5 48.5 51.9 7.9 1.9 0.0 6.1 Group 4 WBT_WBL 

140 56.6 52.0 19.9 24.5 8.6 8.0 9.7 10.3 Group 1 EBT_WBT 

150 16.6 12.6 0.0 4.0 15.4 20.4 36.9 32.0 Group 7 NBL_SBL 

160 14.4 4.3 0.0 10.1 42.4 20.2 0.0 22.2 Group 5 NBT_SBT 

170 36.3 10.4 0.0 25.9 6.1 3.3 0.0 2.8 Group 1 EBT_WBT 

180 15.1 10.3 0.0 4.9 9.8 7.5 3.0 5.3 Group 1 EBT_WBT 

190 7.9 2.4 0.0 5.5 24.2 20.3 11.2 15.1 Group 5 NBT_SBT 

200 17.6 2.5 0.0 15.1 4.3 3.5 21.2 22.0 Group 8 SBT_SBL 

210 28.5 6.0 11.9 34.4 11.0 8.9 0.0 2.1 Group 4 WBT_WBL 

220 8.7 16.8 11.6 3.5 22.1 18.9 0.0 3.2 Group 5 NBT_SBT 

230 20.6 40.1 21.6 2.0 0.0 0.0 0.0 0.0 Group 2 EBT_EBL 

240 7.0 2.4 0.0 4.6 0.4 0.0 0.0 0.4 Group 1 EBT_WBT 

250 1.3 1.3 0.0 0.0 2.6 0.0 0.0 2.6 Group 5 NBT_SBT 

260 2.8 2.6 0.0 0.2 5.5 0.0 0.0 5.5 Group 5 NBT_SBT 

270 12.8 10.1 0.0 2.7 4.4 0.0 0.0 4.4 Group 1 EBT_WBT 

280 12.7 4.2 0.0 8.4 3.4 0.4 0.0 3.0 Group 1 EBT_WBT 

290 12.6 6.6 3.6 9.5 3.4 3.4 8.2 8.2 Group 1 EBT_WBT 

300 11.1 6.4 14.7 19.3 7.1 7.1 18.2 18.2 Group 4 WBT_WBL 

 1 
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consecutive green to a phase group if its delay stays higher than the other phase groups. For 

example, phase group 1 was served two consecutive 10 second green intervals during simulation 

second 90 and 100 and was served three intervals from 270 to 300 seconds. 

3.5.1 DBA Performance 

To evaluate the performance of the proposed DBA, delay results of the DBA were 

compared with the free timing operations that the study intersection currently operates on.  

Figure 3.5 draws the comparison of delays for the eight traffic movements. As can be seen, there 

were several instances when DBA showed a better signal control by reducing the high delays 

displayed by free timing signal control. For example, see callouts “i”, “ii”, “iii” and “iv” where 

the DBA delays were significantly lower than those of free timing delays. At the same time, it 

was interesting to see other instances (for examples callouts “v” and “vi”) where there were no 

delays with free timing, but DBA had delays. DBA attempted to equally distribute the delays 

among multiple approaches during a particular decision period. For example, the reduction in 

EBT delay (callout “i”) was achieved by increasing delays at NBT (callout “vi”) and then at 

WBT (callout “v”) direction. Such balancing of delays enabled DBA to achieve its efficiency. 

This can be observed especially in the cumulative delay distribution. The darker curves represent 

the first 300 seconds while the lighter curves represent the cumulative delays for the remaining 

1500 seconds. The total delay with DBA control was 18.41 hours, which was 15.6 percent lower 

than 21.82 hours with free signal control regime, thus demonstrated a more efficient signal 

control strategy. 
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Figure 3.5 Delay comparison between Free Timing and DBA 
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3.6  Weighted Delay-Based Algorithm (WDBA) 

While DBA shows significant improvement over existing actuated signal control, this 

paper proposes an additional hypothesis to include a distance-weighting factor to further improve 

the algorithm. The DBA treats vehicles at any location equally with no differentiation between 

vehicles that are stopped at the stop bar and those that are farther away from the stop bar. This 

might result in peripheral vehicles getting a priority despite being far from the intersection if the 

number of peripheral vehicles outweighs the number of vehicles stopped at stop bar. Ideally, 

stationary vehicles at the stop bar would carry higher weight in terms of delay as compared to 

those which are farther away. To overcome this issue, WDBA is proposed in this paper. The 

weighted delays for each traffic movement are computed using Equation 3.2 and Equation 3.3. 

𝒅𝒊
′ = ∆𝒕 ∑ (𝟏 −

𝒗𝒏,𝒊

𝒗𝒊
′ ) ∗ 𝑾𝒕

𝑵𝒊

𝒏=𝟏

 …Equation 3.2 

where,  

𝒅𝒊
′ is the weighted delay for the time interval ∆𝒕 for the movement i,  

𝑾𝒕 is the weight factor, and is derived as:  

𝑾𝒕 =  
𝟏

√𝑫𝒊𝒔𝒕𝒂𝒏𝒄𝒆 𝒇𝒓𝒐𝒎 𝑺𝒕𝒐𝒑𝒃𝒂𝒓
 =

𝟏

√√(𝒗𝒙− 𝒔𝒙)𝟐+(𝒗𝒚− 𝒔𝒚)
𝟐

  
…Equation 3.3 

where,  

(𝒗𝒙 , 𝒗𝒚) are the vehicle coordinates, and (𝒔𝒙 , 𝒔𝒚) are the stop bar coordinates. 

The distance weight factor used in WDBA emphasizes prompt clearing of any stopped 

vehicles from the intersection which is an advantage over DBA. Figure 3.6 shows a comparison 

between the weighted and non-weighted delay of the eastbound thru (EBT) vehicles obtained 

from WDBA signal control. The goal of applying the distance weight factor is to weigh the 
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delays of vehicles closer to the stop bar higher than those farther away. For example, at 

simulation second 156 when the red phase ends, EBT vehicles accumulate a total delay of 59.91 

seconds (callout “ii”). A weight factor of 0.61 is applied which makes the weighted delay 36.60 

seconds (callout “i”). In comparison, at time 122 seconds when the vehicles are away from the 

stop bar and the delay is 2.43 seconds (callout “iii”), a lower weight factor of 0.18 is applied 

which makes the weighted delay as 0.45 second (callout “iv”) and gives a lesser consideration 

for the delays of peripheral vehicles. While Figure 3.6 shows the difference in the objective 

function calculations due to the difference in weighting between peripheral and stopped vehicles, 

the performance of different signal controls will still be compared based on actual measured 

delay. 

 

Figure 3.6 Weighted and Non-Weighted Delay Comparison for EB Vehicles 

3.6.1 WDBA Performance 

To evaluate the performance of WDBA, the delay results were compared with existing 

free control operation. Figure 3.7 shows the comparative performance of both control strategies 
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for each of the eight signal phases. Numerous instances were observed where WDBA results 

lower delay than free control. For instance, callouts “i”, “ii”, “iii”, and “iv” indicates the cases 

where significant delay reduction was observed in WDBA. Contrary cases were also observed 

where WDBA showed increased delays compared to free timing operations (callouts “v” and 

“vi”). These cases can be attributed to the balancing nature of the algorithm when WDBA 

attempts to equally distribute the delays among multiple approaches. The cumulative delay 

diagram in Figure 3.7 indicates that total delay with WDBA were 18.46 hours which was 15.4 

percent lower compared to 21.82 hours for free signal control regime. Overall, WDBA is found 

to be more efficient than the existing free control operation. 
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Figure 3.7 Delay Comparison Between Free Timing and WDBA 

3.7  Discussion 

This study presents a framework for implementing the trajectory-based signal control in a 

non-V2I environment using the existing traditional traffic signal controller. The paper 

demonstrates the trajectory-based signal control implementation using two algorithms – DBA 
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and WDBA – whose performances are compared with the baseline free signal control regime. 

While other studies have implemented a similar delay-based signal control based on V2I 

communication data (Oertel et al. 2017), they are mostly based on fixed-location detection of 

vehicles using advanced and stop bar detectors and approach delays were estimated based on the 

location information. This study uses the trajectory information from the radar sensors which 

enables continuous tracking of vehicles and hence calculating real-time delays instead of 

estimating it. Both algorithms demonstrated encouraging results in the pilot deployment. Figure 

3.8 shows the comparison of delay performances for the three signal control strategies over the 

simulation period of 1,800 seconds. While the total delay with free signal control regime is 21.82 

hours, the total delay with DBA control is 18.41 hours and that with WDBA is 18.46 hours, 

indicating superiority of the trajectory-based signal control. 

 

Figure 3.8 Cumulative Delays with Free, DBA and WDBA Signal Control 

Table 3.3 shows the comparison of performance in terms of vehicle delay, stop delay, and 

queue length for the three intersection control methods discussed in the paper. Weighted mean 

values and percent difference are used to show the amount of improvement or decline. A two-



 

62 

 

tailed Student’s t-test with unequal variances at 95% confidence interval is used to check 

statistical significance between the differences. Significant improvements are observed with 

proposed algorithm - DBA and WDBA - compared to free timing. To validate the performance 

of the algorithm, the model was tested with double volumes. The proposed algorithms show even 

greater improvements under increased traffic demands (double volume scenario). Since the 

proposed algorithm does not require knowledge of historical traffic demands, it has the 

advantage of responding to unexpected changes in demand. With increased volume, the 

intersection showed even higher improvements as high as 27.99% in vehicle delay, 38.62% in 

stop delay, and 34.65% in queue length and all the differences were statistically significant.  

While both algorithms were found to perform better than free signal control, DBA shows 

a better performance than WDBA except for the stop delay with base volume scenario. 

Expanding this study in the future to test these and other newer algorithms under varying traffic 

conditions and more intersections is certainly warranted. 
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Table 3.3 Performance Comparison of Free, DBA and WDBA Signal Control for Base and 
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Free 12.24 - - - 23.27 - - - 
DBA 

(compared to 

free) 
11.03 -9.88 0.004 (0.45, 1.97) 16.76 -27.99 <0.001 (5.28, 7.74) 

WDBA 
(compared to 

Free) 
11.20 -8.53 0.009 (0.29, 1.80) 18.34 -21.20 <0.001 (3.31, 6.55) 

WDBA 
(compared to 

DBA) 
- 1.49 0.675 (-0.98, 0.65) - 9.43 0.036 (-3.04, -0.12) 

S
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p
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(s
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Free 7.30 - - - 17.80 - - - 
DBA 

(compared to 

free) 
6.31 -13.60 0.004 (0.36, 1.63) 10.93 -38.62 <0.001 (5.80, 7.95) 

WDBA 
(compared to 

Free) 
6.24 -14.54 0.002 (0.47, 1.66) 11.44 -35.74 <0.001 (5.12, 7.60) 

WDBA 
(compared to 

DBA) 
- -1.09 0.818 (-0.55, 0.69) - 4.68 0.270 (-1.47, 0.45) 
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Free 2.29 - - - 10.73 - - - 
DBA 

(compared to 
free) 

1.94 -15.02 0.006 (0.11, 0.57) 7.01 -34.65 <0.001 (2.07, 5.37) 

WDBA 
(compared to 

Free) 
2.06 -9.76 0.087 (-0.04, 0.48) 8.73 -18.61 0.050 (-0.01, 4.00) 

WDBA 
(compared to 

DBA) 
- 6.19 0.353 (-0.39, 0.15) - 24.55 0.040 (-3.36, -0.09) 

an=10 

 

3.8  Conclusions 

This paper presents a trajectory-based signal control that optimizes delay at a signalized 

intersection in real-time in a non-V2I environment. The latest radar sensors can capture the 
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vehicle trajectory data from the mixed fleet of traffic that might have high percentage of non-

CVs. Two algorithms, DBA and WDBA were used to demonstrate the delay optimization at an 

intersection equipped with radar sensors. Both DBA and WDBA showed improved performance 

compared to the existing free control operation. The study has the following contributions to the 

body of CV literature: 

(1) CV technology has been given due consideration to be utilized for improving intersection 

operational performance. However, even after years of research and development, 

implementation of CV technology is still impractical due to lower penetration rate of the 

CV enabled vehicles on the road as well as limited deployments of V2I communication. 

This paper provides a novel methodology which affirms the use of traditional 

infrastructure-based detection system to transition into a trajectory-based control 

environment without having to invest or wait for deployment of an inclusive V2I and/or 

CV infrastructure.  

(2) A delay-based traffic signal control algorithm (DBA) based on vehicle trajectory data is 

presented in this paper. The proposed algorithm is capable of responding to real-time 

traffic demands which eliminates the need for traditional TOD plans or update to adjust 

for traffic growth or fluctuations. When compared with existing free operation, the 

proposed DBA outperformed free operation significantly in terms of vehicle delay 

(9.88%), stop delay (13.6%), and queue length (15.02%).  

(3) An alternative algorithm, WDBA, was proposed to account for vehicle distance from 

stop-bar. In comparison, DBA treats vehicles equally regardless of their distance from 

stop bar whereas WDBA puts more weight to the vehicles that are closer to being stopped 
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at the signal than those that are peripheral. The analysis results indicate that WDBA also 

outperformed free operation. 

(4) Comparing the effectiveness of WDBA to DBA, the results indicate DBA performed 

slightly better than WDBA, but overall, the performances were comparable. The 

marginally lower performance of WDBA can possibly be attributed to the low traffic 

volumes and warrants further study under varying conditions and at additional 

intersections.  

As discussed in this study, trajectory-based signal control is a promising and feasible 

technique that can be executed even on conventional signal controllers without the need for V2I 

communication in place. It is also hoped that the study serves as a valuable input to several 

department of transportation (DOTs) and traffic engineers who are seeking low-cost CV 

infrastructure deployments and/or early alternatives. However, there are certain limitations of 

this study. First, the signalized intersection in the study is a low volume intersection. More 

complex intersection with higher traffic volumes can be considered to evaluate the algorithm 

performance in a variety of settings. Second, a network with multiple intersections is worth 

testing for the scalability of the algorithms. Third, more sophisticated algorithms that might 

consider other measures of effectiveness (MOEs) such as no of stop(s) for multiple intersections, 

safety, or environmental benefits could be considered. Nevertheless, this paper sets out a new 

direction for CV research whereby an inclusive data collection system is proposed.
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CHAPTER 4  

ANALYTICAL AND EMPIRICAL EVALUATION OF FREIGHT PRIORITY 

SYSTEM IN CONNECTED VEHICLE ENVIRONMENT 

4.1  Introduction 

Traffic signal priority is an operational strategy from Intelligent Transportation System 

(ITS) which has been generally used in the form of Transit Signal Priority (TSP) to improve 

operation performance of transit vehicles. In recent years, several research efforts and 

implementations indicate the operational benefit that can be achieved from TSP which includes 

reduced travel time and delays, fewer no of stops, improved schedule adherence, and lower 

emissions (Muthuswamy, et al., 2007; Ekeila, et al., 2009; Liao & Davis, 2011; Wang, et al., 

2013; Yelchuru, et al., 2014; Hu, et al., 2014; Ahn, et al., 2015; Song, et al., 2016; Lee, et al., 

2017; Wu & Guler, 2018). Similar to TSP, Freight Signal Priority (FSP) can be a feasible 

solution to improve safety and operational efficiency of freight vehicles on signalized arterials. 

However, relatively fewer research has been performed concerning FSP.    

With the limited freight-detection technology in the conventional traffic environment, 

most research on FSP focuses on using traditional loop detector to activate priority request 

(Sunkari, et al., 2000; Plum, 2004; Mahmud, 2014; Kaisar, et al., 2020). One major drawback 

with loop-detection system is its inability to accurately predict freight arrival time at the 

intersection which could lead to the inefficient use of FSP. The challenge associated with 

traditional detection system can be addressed by taking advantage of the emerging connected 

vehicle (CV) technology which establishes rapid two-way communications between the freight 
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vehicle and intersection infrastructure. Recent years, very few studies have investigated 

to leverage CV technology in order to provide signal priority to freight vehicle (Kari, et al., 

2014; Ahn, et al., 2015; Univ. of Arizona, et al., 2016; Park, et al., 2019). Although these early 

efforts are valuable guideline for FSP research, however these studies were performed in a 

simulated environment and limited to the assumption of 100% vehicle-to-infrastructure (V2I) 

communication in place. Furthermore, these studies lack comprehensive FSP logic, systematic 

evaluation of the FSP instead of simulations, and a framework on how emerging CV data to be 

handled by the existing traffic signal controller.  

This research attempts to overcome these shortcomings by developing a FSP system that 

relies on CV-based freight detection strategy for existing signal control equipment. The paper 

developed an estimated time of arrival (ETA)-based priority logic for pilot deployment and uses 

high-resolution event-based operational traffic data to systematically evaluate the proposed 

priority system. The study also shows the benefit of such ETA-based freight priority system in 

context to the previous studies in this area. 

4.2  Literature Review 

Transit signal priority (TSP) is the most conventional form of traffic signal priority 

strategy which is generally accomplished by extending green phase or truncating red phase for 

the priority movement. In the United States, the first transit signal priority (TSP) was introduced 

back in the 1970s (Evans & Skiles, 1970). Since then numerous researches have been conducted 

to demonstrate the benefits that can be achieved from TSP. However, very limited research is 

done regarding FSP. In 2019, Urban Mobility Report indicated that freight trucks account for 

11% ($20 billion) of the total congestion cost ($179 billion) whereas they only represent 7% of 

urban travel (Schrank, et al., 2019). The substantial impact of freight trucks on traffic flow is 
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predominantly noticeable on signalized arterials due to their slower acceleration/deceleration 

rate, larger size, and higher emissions. Furthermore, freight movement on signalized arterials 

poses a greater safety risk since they require longer braking distance which leads to longer 

dilemma zone and higher chances of red-light running.  

In a study, Sunkari et al. developed enhanced priority algorithm for freight trucks which 

allows variable green-extension time based on truck speed (Sunkari, et al., 2000). The results of 

the study indicated reduced trucks stops, delays and pavement wear. The study used traffic 

counter (TCC-540 loop detector at 550ft upstream of the intersection to provide truck detection. 

In another study conducted by Minnesota Department of Transportation (MNDOT) showed that 

providing signal priority in a form of fixed green-extension can be as effective as 15-25% 

reduction of truck stopping at an intersection (Plum, 2004). The study assessed the benefit of 

providing additional loop detectors which were installed further upstream of the intersection. 

Mahmud investigated the impacts of FSP system on a high truck density intersection and used a 

fixed green-extension strategy to provide truck priority (Mahmud, 2014). The study was 

conducted in VISSIM microsimulation and used loop detectors as a method of truck detection. 

The simulation results indicated 13% and 20% reduction in overall travel delay and stop delay 

respectively and 9%-16% reduction in truck stops. Kaiser et al. established a guideline 

framework for FSP application by traffic agencies and evaluated the effectiveness of FSP by 

performing simulation experiment on a multimodal corridor (Kaisar, et al., 2020). The 

experiment used point detection method and the outcome of the experiment indicated significant 

improvement in reducing freight travel time and delays. Despite the promising outcome in these 

previous studies, drawbacks concerning conventional FSP have prevented their wide 

applications. The freight detection method used in these studies relied on conventional loop 
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detector, which is constrained by its ability to consider actual freight speed and arrival time at the 

stop bar. As a result, the FSP logic is limited to an inaccurate forecast of freight arrival time, 

potentially wasting FSP green time and causing unnecessary delays on the side street.  

Recent developments in communication technologies has facilitated connected vehicle 

(CV) technology to significantly improve its data exchange abilities among vehicles (V2V), 

infrastructure (V2I), and mobile devices (Guo, et al., 2019; Talukder, et al., 2021). The 

shortcomings of the conventional FSP can be addressed by taking advantage of such CV 

technology. This technology is capable of providing real-time information of the freight vehicle 

in a form of vehicle basic safety messages (BSM) which includes vehicle location, speed, 

heading, acceleration and deceleration rate. Although very limited, in recent years, few studies 

have explored the concept of CV application on FSP strategy.  Ahn et al. developed and 

evaluated the impact of multi-modal intelligent traffic signal system (MMITSS) within a 

connected vehicle environment (Ahn, et al., 2015; Univ. of Arizona, et al., 2016). The study 

results indicated that FSP reduced delay of the freight trucks by 20% but increased side street 

delay. Kari et al. proposed an eco-friendly multi-agent system FSP algorithm using CV 

technology and used energy, emission, and travel time as a measure of effectiveness of the 

system (Kari, et al., 2014). An isolated intersection was modeled and evaluated for the proposed 

algorithm using urban-mobility (SUMO) simulation application. The results indicated that the 

proposed algorithm was able to reduce freight vehicle travel time by 26% and improved system-

wide fuel economy by 5-10%. Although the limited literatures in this area are promising, 

however most of these studies were conducted and evaluated in a simulation environment with 

an idealistic assumption of 100% V2I communication in place. In addition, prior studies lack 

using actual operational data to systematically assess the operations of their proposed priority 
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systems. Thus, there is a need and an opportunity to address these challenges and improve FSP 

application by leveraging emerging CV technology. 

4.2.1 Research Goal and Objectives 

The goal of this paper is to develop and deploy a freight signal priority (FSP) system that 

relies on CV-based freight detection strategy for existing signal control equipment. The first 

objective of this work is to develop an ETA-based freight priority logic and analytically define 

the opportunities and issues due to the spatially fixed detection activation point. The second 

objective is to deploy the proposed priority system in a real-world signalized arterial and 

systematically examine and validate the field operations using high-resolution traffic event-based 

operational data. The novelty of this work is to develop a novel ETA-based FSP logic by 

leveraging CV-based detection system to improve existing priority system. The proposed priority 

system will be able to overcome the limitations concerning traditional freight priority system 

which relies on loop-based detection strategy. Thus, this paper adds a new line of research 

direction in ETA-based freight priority system to facilitate prioritized movements in a connected 

vehicle environment. 

4.3  Methodology 

An ETA-based freight priority system is developed in this paper to facilitate prioritized 

freight movement in connected vehicle environment. The proposed priority system is based on 

the analytical development of ETA-based priority logic which utilizes CV based freight detection 

strategy. The field operation of the proposed priority system is empirically examined and 

validated through limited trial runs. 
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4.3.1 Formulation of ETA-Based Priority Logic 

Traditional FSP logic uses freight detection input from spatially fixed detectors and 

applies priority service without considering freight’s actual speed or arrival time at the stop bar. 

The proposed FSP logic, on the other hand, would accommodate both speed and actual arrival 

time of the freight vehicle to provide priority service, thus enhancing the effectiveness of the 

priority system. In this paper, an estimated time of arrival (ETA)-based freight priority system is 

proposed which utilizes the benefit of CV based freight vehicle detection technique to send 

detection input to the local signal controller. The proposed priority logic will apply partial 

priority service for the freight vehicle, in which the signal controller can either extend the normal 

green time for the freight travelling phase (i.e., co-phase green extension) or can shorten the 

conflicting phases (i.e., co-phase early return to green). Instead of traditionally used fixed green 

extension time, the proposed priority logic will use varying green extension time for the phase 

the freight vehicle is travelling. Also, the logic will allow the signal controller to serve the pre-

defined minimum green time and clearance time to the conflicting phases when applying red 

reduction procedure. The notations used to formulate ETA-based priority system are listed in 

Table 4.1. 
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Table 4.1 Notation definitions 

 

Co-phase is defined as the phase that the freight vehicle is travelling in. Time of 

estimated departure (𝑇𝐸𝐷) is the time from the detection point until the freight vehicle clears the 

intersection. 𝑇𝐸𝐷 does not determine when the priority service will end rather it is used by the 

signal controller to determine if a priority request can be serviced on time. 

4.3.2 Determination of Signal Phases 

The master clock is the background timing mechanism within the controller logic that 

starts daily at a pre-defined time, usually midnight (or user defined). Each local controller has its 
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internal clock which is referenced to the master clock for coordination to occur. Assuming 𝑡𝑙 is 

the time at the local clock, then the phase splits can be determined by using Equation 4.1 and 

Equation 4.2. 

𝑃ℎ𝑎𝑠𝑒𝑅𝑖𝑛𝑔1 = {

1 𝑖𝑓 0 < 𝑡𝑙 < ∅1                                        
2 𝑖𝑓 ∅1 < 𝑡𝑙 < (∅1 + ∅2)                        
3 𝑖𝑓 (∅1 + ∅2) < 𝑡𝑙 < (∅1 + ∅2 + ∅3)
4 𝑖𝑓 (∅1 + ∅2 + ∅3) < 𝑡𝑙 < 𝐶                

 …Equation 4.1 

𝑃ℎ𝑎𝑠𝑒𝑅𝑖𝑛𝑔2 = {

5 𝑖𝑓 0 < 𝑡𝑙 < ∅5                                        
6 𝑖𝑓 ∅5 < 𝑡𝑙 < (∅5 + ∅6)                        
7 𝑖𝑓 (∅5 + ∅6) < 𝑡𝑙 < (∅5 + ∅6 + ∅7)

8 𝑖𝑓 (∅5 + ∅6 + ∅7) < 𝑡𝑙 < 𝐶                

 …Equation 4.2 

The cycle length (𝐶) is calculated by adding phase times from Ring 1 or Ring 2. 

𝐶𝑦𝑐𝑙𝑒 𝐿𝑒𝑛𝑔𝑡ℎ, 𝐶 = ∑ ∅𝑖(𝑅𝑖𝑛𝑔 1 𝑜𝑟 𝑅𝑖𝑛𝑔 2)

𝐼

𝑖=1

 …Equation 4.3 

4.3.3 Detection and Clock Times 

In an ETA-based priority system, each ETA detection point 𝑖 will have a detection input 

channel which is configured in the signal controller. A detection channel input will be activated 

for an ETA detection point 𝑖 if the vehicle’s time of estimated arrival at the stop bar is less than 

the time of estimated departure. The detector activation time for ETA point 𝑖 (𝐷𝑖) is therefore 

determined using Equation 4.4. 

𝐷𝑖 =  {
1 (𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛) 𝑖𝑓   𝑇𝐸𝑇𝐴 < 𝑇𝐸𝐷𝑖  

                 
 

0 (𝑁𝑜 𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛) 𝑒𝑙𝑠𝑒                                 
 …Equation 4.4 

Where, there are 𝐼 ETA detection points and 𝑇𝐸𝐷𝑖
> 𝑇𝐸𝐷𝑖+1 ∀ 𝐼 ETA detection points. Now, for 

detector activation time 𝐷𝑖, the number of seconds past midnight (𝐷𝑆𝑖) can be calculated by 

Equation 4.2. 

𝐷𝑆𝑖 = 𝐷𝐻𝐻𝑖 ∗ 3,600 + 𝐷𝑀𝑀𝑖 ∗ 60 + 𝐷𝑆𝑆. 𝑆𝑖 …Equation 4.5 
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The detection time on the master clock (𝑑𝑚𝑐𝑖) and on the local clock (𝑑𝑙𝑐𝑖) based on cycle 

length (𝐶) and offset (𝑂) would be based on Equation 4.6 and Equation 4.7. 

𝑑𝑚𝑐𝑖 = (𝐷𝑆𝑖%𝐶) …Equation 4.6 

𝑑𝑙𝑐𝑖 = (𝐷𝑆𝑖%𝐶) + 𝑂 …Equation 4.7 

When any detection channel is activated for any ETA detection point 𝑖, the signal controller will 

immediately estimate the vehicle’s local clock arrival time at the stop bar using by Equation 4.8. 

𝑇𝑆�̂� = (𝑑𝑙𝑐𝑖 + 𝑇𝐸𝐷𝑖
)%𝐶 …Equation 4.8 

4.3.4 Priority Decisions 

To service priority vehicle, the controller will either extend compatible phase(s) or 

shorten conflicting phases based on freight’s estimated arrival at the stop bar. The signal 

controller can also maintain coordinated green band (no priority service) when no extension and 

reduction is necessary. Whenever any detection channel input is activated, the signal controller 

will use (𝑇𝑆𝐵)̂  to determine which of the following three outcomes will occur. 

(1) Co-Phase Green Band (COORD): Signal controller will maintain co-phase green (no 

adjustments necessary) if the freight vehicle is estimated to fit through normal co-phase 

green split. 

𝐶𝑂𝑂𝑅𝐷𝑖 = {
1 𝑖𝑓 𝑇𝑆�̂� ≤ 𝐶𝑆𝑁𝑂𝑅𝑀 

 
0 𝑒𝑙𝑠𝑒                         

 …Equation 4.9 

(2) Co-Phase Green Extension (EXT): Signal controller will extend co-phase green time if 

the freight vehicle is not estimated to fit through normal co-phase green split but can fit 

within maximum co-phase green split. However, controller will not hold extended green 

time once the freight vehicle leaves the intersection.  
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𝐸𝑋𝑇𝑖 = {
1 𝑖𝑓 𝐶𝑆𝑁𝑂𝑅𝑀 < 𝑇𝑆�̂� ≤ 𝐶𝑆𝑀𝐴𝑋    

 
0 𝑒𝑙𝑠𝑒                                               

 
…Equation 

4.10 

(3) Early Return to Co-Phase Green (ERTG): Signal controller will reduce competing phases 

for early return to co-phase green if the freight vehicle is not estimated to fit through 

normal co-phase green split and will not fit within maximum co-phase green split. 

𝐸𝑅𝑇𝐺𝑖 = {
1 𝑖𝑓 𝑇𝑆�̂� > 𝐶𝑆𝑁𝑂𝑅𝑀  ∧   𝑇𝑆�̂� >  𝐶𝑆𝑀𝐴𝑋 

 
0 𝑒𝑙𝑠𝑒                                                           

 
…Equation 

4.11 

4.4  Analytical Evaluation 

Analytical testing was performed for the proposed FSP system as well as for the 

conventional FSP system which uses loop detectors. The purpose of this testing is to identify the 

shortcomings related to traditional loop-based FSP system and analytically define the 

opportunities for a non-spatially fixed ETA-based FSP system. For simplicity, an isolated 

intersection with standard eight-phase movements is used. For loop-based priority system, two 

(2) advanced loop detectors are used for priority vehicle detection and are placed at 50s 

(3,666𝑓𝑡 @𝑉𝐷𝑒𝑠𝑖𝑔𝑛) and 20s (1466𝑓𝑡 @ 𝑉𝐷𝑒𝑠𝑖𝑔𝑛) position upstream of the intersection stop bar. 

For ETA-based priority system, four (4) ETA detection activation points are used which are 50s, 

40s, 30s, and 20s upstream of the stop bar. Also, for both priority system, vehicle starting point is 

at position 5,280ft upstream of the stop bar and Phase 6 is the co-phase in which the freight 

vehicle is travelling. For this testing, vehicle actual travelling speed is 40 MPH while design 

speed is assumed to be 50 MPH. Table 4.2 lists the parameter values that are used for performing 

the analytical test.
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Table 4.2 Analytical testing parameter values 

Parameter Parameter Value 

𝐶 120𝑠 

𝑂 10𝑠 

𝑉𝐷𝑒𝑠𝑖𝑔𝑛  (50 MPH) 73.333 𝑓𝑝𝑠 

𝑉𝐴𝑐𝑡𝑢𝑎𝑙  (40 MPH) 58.667 𝑓𝑝𝑠 

𝑇𝐸𝐷1(𝐿𝑜𝑜𝑝)
 50𝑠 

𝑇𝐸𝐷2(𝐿𝑜𝑜𝑝)
 20𝑠 

𝑇𝐸𝐷1(𝐸𝑇𝐴)
 50𝑠 

𝑇𝐸𝐷2(𝐸𝑇𝐴)
 40𝑠 

𝑇𝐸𝐷3(𝐸𝑇𝐴)
 30𝑠 

𝑇𝐸𝐷4(𝐸𝑇𝐴)
 20𝑠 

𝑃𝐶𝐿  5𝑠 

𝑃𝑋 15𝑠 

𝐶𝑆𝑁𝑂𝑅𝑀 55𝑠 

𝐶𝑆𝑀𝐴𝑋 70𝑠 

Signal phase splits and rings are as follows: 

∅1 = 20𝑠; ∅2 = 60𝑠; ∅3 = 20𝑠; ∅4 = 20𝑠 

∅5 = 20s; ∅6 = 60𝑠; ∅7 = 20𝑠; ∅8 = 20𝑠 

𝑃ℎ𝑎𝑠𝑒𝑅𝑖𝑛𝑔1 = {

1 𝑖𝑓 100 < 𝑡𝑙 < 120
2 𝑖𝑠 0 < 𝑡𝑙 < 60        
3 𝑖𝑠 60 < 𝑡𝑙 < 80     
4 𝑖𝑠 80 < 𝑡𝑙 < 100   

 

𝑃ℎ𝑎𝑠𝑒𝑅𝑖𝑛𝑔2 = {

5 𝑖𝑓 100 < 𝑡𝑙 < 120
6 𝑖𝑠 0 < 𝑡𝑙 < 60        
7 𝑖𝑠 60 < 𝑡𝑙 < 80     
8 𝑖𝑠 80 < 𝑡𝑙 < 100  

 

It is to be notes that, time of detection on the local clock time, 𝑑𝑙𝑐𝑖 is relative to the reference 

point of the coordinated movement, which in this testing is also the priority co-phase. The 

reference point used in this testing is the start of the coordinated green. 
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4.4.1 Loop-Based Priority System 

Let, vehicle starting point is at time 7: 59: 18.0  at position 5,280ft upstream of the 

intersection. Detector activation time for advanced loop detector 1 (𝐷1(𝐿𝑜𝑜𝑝)) will be based on 

vehicle’s actual speed (𝑉𝐴𝑐𝑡𝑢𝑎𝑙 = 58.667𝐹𝑃𝑆).  

𝐷1(𝐿𝑜𝑜𝑝) = 7: 59: 18.0 + (
(5,280 − 3,666)

58.667
) = 7: 59: 46. 

Now, for detector activation time 𝐷1(𝐿𝑜𝑜𝑝), the number of seconds past midnight (𝐷𝑆1(𝐿𝑜𝑜𝑝)) can 

be calculated by using Equation 4.5. 

𝐷𝑆1(𝐿𝑜𝑜𝑝) = 𝐷𝐻𝐻1 ∗ 3,600 + 𝐷𝑀𝑀1 ∗ 60 + 𝐷𝑆𝑆. 𝑆1 = 7 ∗ 3,600 + 59 ∗ 60 + 46.0 = 28786.0 

The detection time on the master clock (𝑑𝑚𝑐1(𝐿𝑜𝑜𝑝)) and on the local clock (𝑑𝑙𝑐1(𝐿𝑜𝑜𝑝)) based on 

cycle length (𝐶 = 120𝑠) and offset (𝑂 = 10𝑠) is calculated by using Equation 4.6 and Equation 

4.7. 

𝑑𝑚𝑐1(𝐿𝑜𝑜𝑝) = (𝐷𝑆1(𝐿𝑜𝑜𝑝)%𝐶) = 28786.0%120 = 106.0 

 𝑑𝑙𝑐1(𝐿𝑜𝑜𝑝) = (𝐷𝑆1(𝐿𝑜𝑜𝑝)%𝐶) + 𝑂 = 28786.0%120 + 10 = 116.0 

Detection time on the local clock 𝑑𝑙𝑐1(𝐿𝑜𝑜𝑝) indicates that 𝑃ℎ𝑎𝑠𝑒𝑅1
= 1 𝑎𝑛𝑑 𝑃ℎ𝑎𝑠𝑒𝑅2

= 5 are 

active during detection 𝐷1(𝐿𝑜𝑜𝑝). After the first detection, the controller will immediately 

estimate the vehicle arrival time at the stop bar (𝑇𝑆�̂�) (using Equation 4.8) to decide if extension 

or reduction is necessary.  

𝑇𝑆�̂� = (𝑑𝑙𝑐1(𝐿𝑜𝑜𝑝) + 𝑇𝐸𝐷1(𝐿𝑜𝑜𝑝)
) %𝐶 = (116 + 50)%120 = 46 

Table 4.3 shows the priority decisions based on vehicle’s estimated arrival time at the stop bar 

after 1st detection. The following three priority decisions are calculated using Equation 4.9, 

Equation 4.10, and Equation 4.11. 

Table 4.3 Priority decision after first detection 
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𝐶𝑂𝑂𝑅𝐷𝐷1(𝐿𝑜𝑜𝑝)
= {

1 𝑖𝑓 𝑇𝑆�̂� ≤ 𝐶𝑆𝑁𝑂𝑅𝑀 

 
0 𝑒𝑙𝑠𝑒                         

= {
1 𝑖𝑓 46 ≤ 55

 
0 𝑒𝑙𝑠𝑒             

= 1 → 𝑁𝑜 𝐴𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡 𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑑 

𝐸𝑋𝑇𝐷1(𝐿𝑜𝑜𝑝)
= {

1 𝑖𝑓 𝐶𝑆𝑁𝑂𝑅𝑀 < 𝑇𝑆�̂� ≤ 𝐶𝑆𝑀𝐴𝑋     
 

0 𝑒𝑙𝑠𝑒                                               

= {
1 𝑖𝑓 55 ≮ 46 ≤ 70

 
0 𝑒𝑙𝑠𝑒                       

= 0 → 𝑁𝑜 𝐸𝑥𝑡𝑒𝑛𝑠𝑖𝑜𝑛 

𝐸𝑅𝑇𝐺𝐷1(𝐿𝑜𝑜𝑝)
= {

1 𝑖𝑓 𝑇𝑆�̂� > 𝐶𝑆𝑁𝑂𝑅𝑀  ∧   𝑇𝑆�̂� >  𝐶𝑆𝑀𝐴𝑋

 
0 𝑒𝑙𝑠𝑒                                                         

= {
1 𝑖𝑓 46 ≯ 55 ∧  46 ≯ 70

 
0 𝑒𝑙𝑠𝑒                                  

= 0 → 𝑁𝑜 Reduction 

Table 4.3 indicates that the vehicle is expected to pass the stop bar during co-phase normal green 

time. Thus, the controller decision is to maintain coordinated green without adjusting co-phase 

splits. After activating the detector input for 1st advanced detector, the expected arrival on the 

next advanced detector (𝐷2(𝐿𝑜𝑜𝑝)
̂ ) is estimated.  

𝐷2(𝐿𝑜𝑜𝑝)
̂ = 𝐷1(𝐿𝑜𝑜𝑝) + (𝑇𝐸𝐷1(𝐿𝑜𝑜𝑝)

− 𝑇𝐸𝐷2(𝐿𝑜𝑜𝑝)
) = 7: 59: 46.0 + (50 − 20) = 8: 00: 16.0  

However, the actual detector activation time for 2nd advanced detector 𝐷2(𝐿𝑜𝑜𝑝) is  

𝐷2(𝐿𝑜𝑜𝑝) = 𝐷1(𝐿𝑜𝑜𝑝) + (
3,666 − 1,466

𝑉𝐴𝑐𝑡𝑢𝑎𝑙
) = 7: 59: 46.0 + (

3,666 − 1,466

58.667
) = 08: 00: 23.0 

The time difference between 𝐷2(𝐿𝑜𝑜𝑝)
̂  and 𝐷2(𝐿𝑜𝑜𝑝) is caused by the speed differential between 

𝑉𝐷𝑒𝑠𝑖𝑔𝑛 and 𝑉𝐴𝑐𝑡𝑢𝑎𝑙. This is a substantial limitation of loop detection since it cannot consider 

vehicle’s actual speed. For detector activation time 𝐷2(𝐿𝑜𝑜𝑝), the number of seconds past 

midnight (𝐷𝑆2(𝐿𝑜𝑜𝑝)) is calculated by  

𝐷𝑆2(𝐿𝑜𝑜𝑝) =  𝐷𝐻𝐻2 ∗ 3,600 + 𝐷𝑀𝑀2 ∗ 60 + 𝐷𝑆𝑆. 𝑆2 = 8 ∗ 3,600 + 0 ∗ 60 + 23.0 = 28823.0 

Detection time on the master clock, 𝑑𝑚𝑐2(𝐿𝑜𝑜𝑝) = (28823.0%120) = 23.0 

Detection time on the local clock, 𝑑𝑙𝑐2(𝐿𝑜𝑜𝑝) = (28823.0%120) + 10 = 33.0  

𝑑𝑙𝑐2(𝐿𝑜𝑜𝑝) indicates that 𝑃ℎ𝑎𝑠𝑒𝑅1
= 2 𝑎𝑛𝑑 𝑃ℎ𝑎𝑠𝑒𝑅2

= 6 are active during detection 𝐷2(𝐿𝑜𝑜𝑝). 
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After 2nd advanced detection, the controller will immediately estimate the vehicle arrival time at 

the stop bar (𝑇𝑆�̂�) to decide if extension or reduction is necessary.  

𝑇𝑆�̂� = (𝑑𝑙𝑐2(𝐿𝑜𝑜𝑝) + 𝑇𝐸𝐷2
)%𝐶 = (33 + 20)%120 = 53 

Table 4.4 Priority decision after second detection 

𝐶𝑂𝑂𝑅𝐷𝐷2(𝐿𝑜𝑜𝑝)
= {

1 𝑖𝑓 𝑇𝑆�̂� ≤ 𝐶𝑆𝑁𝑂𝑅𝑀 

 
0 𝑒𝑙𝑠𝑒                         

= {
1 𝑖𝑓 53 ≤ 55

 
0 𝑒𝑙𝑠𝑒             

= 1 → 𝑁𝑜 𝐴𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡 𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑑 

𝐸𝑋𝑇𝐷2(𝐿𝑜𝑜𝑝)
= {

1 𝑖𝑓 𝐶𝑆𝑁𝑂𝑅𝑀 < 𝑇𝑆�̂� ≤ 𝐶𝑆𝑀𝐴𝑋     
 

0 𝑒𝑙𝑠𝑒                                               

= {
1 𝑖𝑓 55 ≮ 53 ≤ 70

 
0 𝑒𝑙𝑠𝑒                       

= 0 →  𝑁𝑜 𝐸𝑥𝑡𝑒𝑛𝑠𝑖𝑜𝑛  

𝐸𝑅𝑇𝐺𝐷2(𝐿𝑜𝑜𝑝)
= {

1 𝑖𝑓 𝑇𝑆�̂� > 𝐶𝑆𝑁𝑂𝑅𝑀  ∧   𝑇𝑆�̂� >  𝐶𝑆𝑀𝐴𝑋

 
0 𝑒𝑙𝑠𝑒                                                         

= {
1 𝑖𝑓 53 ≯ 55 ∧  53 ≯ 70

 
0 𝑒𝑙𝑠𝑒                                  

= 0 → 𝑁𝑜 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 

Table 4.4 shows the controller priority decision after second detector activation. After the 

2nd advance detector actuation, the vehicle is still expected to clear the intersection during co-

phase normal green time. Thus, controller’s final decision is to maintain coordinated green 

without adjusting co-phase splits. Now, the actual arrival time at the stop bar can be calculated 

by using vehicle actual speed and distance from the last detector location.  

𝑇𝑆𝐵 = 𝐷2(𝐿𝑜𝑜𝑝) + (
1,466

𝑉𝐴𝑐𝑡𝑢𝑎𝑙
) = 8: 00: 23.0 + (

1,466

58.667
) = 8: 00: 48.0  

Similarly, for actual arrival time at the stop bar 𝑇𝑆𝐵, the number of seconds past midnight 

(𝐷𝑆𝑇𝑆𝐵
) can be calculated by  

𝐷𝑆𝑇𝑆𝐵
=  8 ∗ 3,600 + 0 ∗ 60 + 48.0 = 28848.0 

Time on the master clock, 𝑑𝑚𝑐𝑇𝑆𝐵
= (28848.0%120) = 48.0 

Time on the local clock, 𝑑𝑙𝑐𝑇𝑆𝐵
= (28848.0%120) + 10 = 58.0 
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𝑑𝑙𝑐𝑇𝑆𝐵
 indicates that the vehicle arrives at the stopbar after the end of co-phase normal green 

(𝑑𝑙𝑐𝑇𝑆𝐵
>  𝐶𝑁𝑂𝑅𝑀) and during co-phase clearance. This shows that the controller decision to 

maintain co-phase green without adjusting its split was not accurate. If extension was given, the 

vehicle would have made it through the intersection without stopping or dangerously entering 

during co-phase clearance interval. Such inaccurate priority decisions are due to loop-detector’s 

inability to consider vehicle actual speed and estimating actual arrival time at the stop bar.   

4.4.2 ETA-Based Priority System 

For ETA-based priority detection system, the first ETA detection activation point 

(𝑖 = 1 @50𝑠) is 2,933ft upstream of the stop bar based on the actual vehicle speed 40 MPH. So, 

the detector activation time for ETA Point 1 (𝐷1(𝐸𝑇𝐴)) can be calculated by 

𝐷1(𝐸𝑇𝐴) = 7: 59: 18.0 + (
(5,280 − 2,933)

58.667
) = 7: 59: 58.0  

Table 4.5 summarizes all the subsequent calculations and controller decisions based on the ETA 

detection activation point 1, 2, 3, and 4.
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Table 4.5 Summarized calculations for ETA-based priority system  

Notation Equations 

ETA 

Detection 

Point 1 @50s 

ETA Detection 

Point 2 @ 40s 

ETA Detection 

Point 3 @ 30s 

ETA Detection 

Point 4 @ 20s 

𝐷𝑖 - 
𝐷1(𝐸𝑇𝐴)

= 7: 59: 58.0 

𝐷1(𝐸𝑇𝐴) + 10

= 8: 00: 08.0 

𝐷2(𝐸𝑇𝐴) + 10

= 8: 00: 18.0 

𝐷3(𝐸𝑇𝐴) + 10

= 8: 00: 28.0 

𝐷𝑆𝑖 Equation 4.5 28798.0 28808.0 28818.0 28828.0 

𝑑𝑚𝑐𝑖 Equation 4.6 118.0 8.0 18.0 28.0 

𝑑𝑙𝑐𝑖 Equation 4.7 8.0 18.0 28.0 38.0 

Active 

Phases 
- Phase 2 & 6 Phase 2 & 6 Phase 2 & 6 Phase 2 & 6 

𝑇𝑆�̂� Equation 4.8 58 58 58 58 

𝐶𝑂𝑂𝑅𝐷𝑖 Equation 4.9 0 0 0 0 

𝐸𝑋𝑇𝑖  Equation 4.10 1 1 1 1 

𝐸𝑅𝑇𝐺𝑖 Equation 4.11 0 0 0 0 

Decision - Extension Extension Extension 
Extension 

(Final) 

 

Table 4.5 indicates that after ETA detection activation point 4, controller decision is to provide 

co-phase green extension to make sure the vehicle clears the intersection without being stopped 

at the red light. Now, the actual arrival time at the stop bar can be calculated as:  

𝑇𝑆𝐵 = 𝐷4(𝐸𝑇𝐴) + (
𝑉𝐴𝑐𝑡𝑢𝑎𝑙 ∗ 20

𝑉𝐴𝑐𝑡𝑢𝑎𝑙
) = 8: 00: 28.0 + (

58.667 ∗ 20

58.667
) = 8: 00: 48.0  

For actual arrival time at the stop bar 𝑇𝑆𝐵, the number of seconds past midnight (𝐷𝑆𝑇𝑆𝐵
) will be 

𝐷𝑆𝑇𝑆𝐵
=  8 ∗ 3,600 + 0 ∗ 60 + 48.0 = 28848.0 

Time on the master clock, 𝑑𝑚𝑐𝑇𝑆𝐵
= (28848.0%120) = 48.0 

Time on the local clock, 𝑑𝑙𝑐𝑇𝑆𝐵
= (28848.0%120) + 10 = 58.0 

Since the priority vehicle arrives at the stop bar after the end of co-phase normal green 

(𝑑𝑙𝑐𝑇𝑆𝐵
>  𝐶𝑁𝑂𝑅𝑀) and during co-phase clearance. Based on the ETA-based detections, the 

controller decided to extend co-phase green to allow the vehicle pass through the intersection 

without stopping. Thus, the controller decision to extend co-phase was accurate. 
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The testing was expanded for various driving speeds to observe their effects on 

controller’s priority decision. All other parameters were kept unchanged except actual speed 

(𝑉𝐴𝑐𝑡𝑢𝑎𝑙 ), which ranged from 40 MPH to 60 MPH with an increment of 1 MPH. Since the cycle 

length is 120s and assuming the priority request can be activated at any given second, there are 

2,520 possible scenarios. Controller’s decision accuracy for both conventional FSP and proposed 

ETA-based FSP system were analyzed for all 2,520 cases. The analysis indicated that there were 

138 instances where loop-detection-based conventional FSP system inaccurately predicted 

freight arrival time at the stop bar, which resulted in executing incorrect priority decisions. For 

example, cases were observed where loop-detection-based FSP system provided co-phase 

extension for the freight vehicle, however the vehicle arrived after the extension window which 

resulted inefficient priority measures and unnecessary side streel traffic delay. Furthermore, 

cases were observed where loop-detection-based FSP system reduced times from conflicting 

movements to return early co-phase green when the vehicle could have made it through the 

intersection on extension window. This resulted longer freight delay at the intersection and again 

inefficient priority measure. The reason of such inaccurate and inefficient priority measures can 

be attributed to the spatially fixed detector’s inability to consider actual vehicle speed and to 

predict actual arrival time at the stop bar.    

As shown in Figure 4.1, more inaccuracies were observed when the vehicle was traveling 

higher or lower than the design speed. This is due to spatially fixed detector’s locations are set 

based on design speed and thus more likely to predict accurate stop bar arrival time when vehicle 

is driving at or near the design speed. However, as the vehicle exceeds or drops below the design 

speed, the conventional FSP system is unable to correctly estimate the vehicle's ETA to the stop 

bar, resulting in an inaccurate priority decision. The proposed ETA-based FSP system, on the 
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other hand, was able to accurately predict freight arrival time and provided correct priority 

decision on all 2,520 cases. This is because in ETA-based FSP system, vehicle position is 

continuously reported by cellular vehicle-to-network (C-V2N) BSMs per second instead of 

spatially restricted physical detectors. This enables the system to accurately estimate vehicle’s 

ETA to the stop bar and hence appropriate priority measures are applied. 

 

Figure 4.1 Variation of inaccurate priority measures with speed in loop-based FSP 

system 
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4.5  Field Evaluation 

4.5.1 Study Corridor 

The proposed priority control system was implemented along the US-82 in Northport and 

Tuscaloosa, Alabama, United States. The study corridor, as shown in Figure 4.2, is 

approximately 6.5 miles long, posted speed limit is 50MPH, and consists of thirteen (13) 

signalized intersections. All the intersections were controlled using coordinated traffic signal 

plan during the field data collection and among the 13 intersections, US-43, AL69N, and 

Watermelon Rd. carry significant cross-street traffic. The proposed priority system 

implementation and limited data collection were performed during off-peak hours (between 

9:00AM to 3:00PM) to avoid detrimental effect on coordination plan and side-street traffic. 

 

Figure 4.2 Study Corridor 

4.5.2 System Architecture 

The proposed connected freight priority system was designed, developed, and tested as a 

part of Alabama Connected Vehicle Application project. The study corridor intersections are 

equipped with three (3) radio technologies such as dedicated short-range communication 

(DSRC) radio, cellular vehicle-to-network (C-V2N) communication radio, and 900Mhz radio 

technology. While DSRC radios can provide point-to-point or near-instant communication (10-
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times per second) between vehicle and infrastructure, however, the U.S. Federal 

Communications Commission (FCC) has recently ruled to remove previously allocated 5.9GHz 

band for DSRC and decided that ITS operations must switch to cellular vehicle-to-everything (C-

V2X) technology (Federal Communications Commission, 2020; Sjoberg, 2021). Since the future 

of DSRC is uncertain and cellular-based technologies have gained favor in the transportation 

industry as an alternate communication platform, the study used C-V2N and 900Mhz 

communication radio technology to evaluate the proposed priority system.  

The proposed priority system consists of four key components: onboard unit (OBU), 

central system, roadside unit (RSU), and traffic signal controller. For field evaluation, AI-500-

065 OBU unit (-065), as shown in Figure 4.3, was used and the unit has a built in cellular, GPS, 

and 900Mhz radio. The test vehicle equipped with the OBU unit were wirelessly connected to 

the central system and RSU unit to transmit basic safety messages (BSM) in every second which 

includes vehicle’s speed, location, and heading. In this test, AI-500-085 RSU processor units, as 

shown in Figure 4.4, were used which also has built in cellular, GPS, and 900Mhz radio. This 

unit was plugged directly into the traffic cabinet of each test intersections and was also 

connected to the central system. The RSU processor unit can facilitate signal phasing and timing 

(SPaT) information and BSMs over cellular and can communicate with OBU unit. The central 

system governing the cellular OBU and RSU units is the Glance Smart City Supervisory 

platform (Glance). This central system continuously tracks movement of the priority vehicle 

equipped with OBU unit and estimates its arrival time at the stop bar (ETA) based of its current 

speed, location, and heading. Once the vehicle recaches the preconfigured ETA rule, the glance 

central system sends signal request message (SRM) to the RSU processor. The RSU processor 
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then sends priority vehicle detection input to the traffic signal controller which determines the 

best priority option based on the detection time and vehicles ETA to the stop bar. 

 

Figure 4.3 AI-500-065 OBU unit 

 

Figure 4.4 AI-500-085 RSU unit 

4.5.3 Field Test Results 

Limited field trial runs were conducted to empirically examine and validate the proposed 

ETA-based freight priority system. During the 7 days of data collection period, several trial runs 

were made through the study corridor to collect high-resolution traffic events and priority 

vehicle’s information. High-resolution traffic events data were collected from advanced traffic 

signal performance measures (ATSPM) database to systematically analyze the field operation of 

the proposed priority system. Such high-resolution events data includes priority vehicle’s 

detection activation time, priority services (early green or green extensions), FSP request 

activations and cancellations timestamps, signal phase states and their intervals etc. Also, priority 
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vehicle’s position, speed, direction, ETA to the stop bar, communication radio status, and 

priority status information were collected from the Glance central system.  

Figure 4.5 shows an example trajectory of the priority test vehicle during a field run. As 

shown in the figure, five (5) of the intersections received priority services where co-phase green 

extension occurred on US-43, AL-69N, Tyler Dr., and Hospital Dr. (callout “i”, “ii”, “iii”, and 

“iv”) and co-phase early return to green occurred on Hunter Creek Rd. (callout “v”). In case of 

green extension, the vehicle was estimated to arrive after the end of co-phase normal green time 

and the priority logic on the traffic signal controller extended the co-phase green time to allow 

the priority vehicle pass through the intersection without stopping. On the other hand, co-phase 

early green occurred when the priority vehicle was estimated to arrive at the stop bar after the 

end of co-phase normal green time and after the maximum co-phase green time with extension. 

On rest of the eight (8) intersections, the priority vehicle did not receive any priority service 

since the vehicle was expected to pass the intersection during co-phase normal green time. It is to 

note that, several of these intersections (i.e., Airport Rd., Walmart/Lowes, Northbrook Dr., 

Indian Hills Dr., and Rice Mine Rd.) have low side street demand, which tend to have 

significantly more green time for the main street. The total travel time of the priority vehicle 

during this test run was 9 minutes 42 seconds and without priority service the travel would have 

been 14 minutes 15 seconds accounting the wait time due to red light. This indicates that the 

proposed priority system was able to reduce vehicle’s travel time by 47% throughout the 

corridor. 
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Figure 4.5 Priority vehicle's trajectory during a trial run on eastbound US-82 

The high-resolution ATSPM data and Glance central system information for this test run 

was further used to validate the field operation of the proposed priority system. Table 4.6 shows 

the expected traffic signal controller’s decision that was derived from the proposed freight 

priority logic and the priority service received in field testing. The table indicates that the 

expected controller’s decisions were consistent with the field priority decision for all five (5) 

intersections which received priority service during the test run. Such consistency implied that 

the proposed freight priority logic was able to accurately match the field priority decisions. 
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Table 4.6 Validation of proposed priority system’s field operation 

INT 
Detection 

/Parameters 
𝑫𝒊 𝑫𝑺𝒊 𝒅𝒎𝒄𝒊 𝒅𝒍𝒄𝒊 

Active 

Phases 
𝑻𝑺�̂� 𝑪𝑺𝑵𝑶𝑹𝑴 𝑪𝑺𝑴𝑨𝑿 𝑪𝑶𝑶𝑹𝑫𝒊 𝑬𝑿𝑻𝒊 𝑬𝑹𝑻𝑮𝒊 

Detection 

Outcome 

Expected 

Decision 

Field 

Decision 

U
S

-4
3

 

Detection 1 9:57:07 AM 35827 127 136 Phase 3 & 8 36 

44 82 

1 0 0 COORD 

EXT EXT 
Detection 2 9:57:18 AM 35838 138 147 Phase 3 & 8 37 1 0 0 COORD 

Detection 3 9:57:32 AM 35852 2 11 Phase 1 & 6 41 1 0 0 COORD 

Detection 4 9:57:46 AM 35866 16 25 Phase 1 & 6 45 0 1 0 EXT 

A
L

-6
9
N

 

Detection 1 9:58:46 AM 35926 76 10 Phase 1 & 6 60 

49 67 

0 1 0 EXT 

EXT EXT 
Detection 2 9:58:59 AM 35939 89 23 Phase 2 & 6 63 0 1 0 EXT 

Detection 3 9:59:08 AM 35948 98 32 Phase 2 & 6 62 0 1 0 EXT 

Detection 4 9:59:18 AM 35958 108 42 Phase 2 & 6 62 0 1 0 EXT 

T
y
le

r
 D

r
. 

Detection 1 9:59:04 AM 35944 94 48 Phase 2 & 6 98 

84 102 

0 1 0 EXT 

EXT EXT 
Detection 2 9:59:14 AM 35954 104 58 Phase 2 & 6 98 0 1 0 EXT 

Detection 3 9:59:25 AM 35965 115 69 Phase 2 & 6 99 0 1 0 EXT 

Detection 4 9:59:36 AM 35976 126 80 Phase 2 & 6 100 0 1 0 EXT 

H
o

sp
it

a
l 

D
r
. Detection 1 9:59:25 AM 35965 115 61 Phase 2 & 6 111 

95 125 

0 1 0 EXT 

EXT EXT 
Detection 2 9:59:37 AM 35977 127 73 Phase 2 & 6 113 0 1 0 EXT 

Detection 3 9:59:46 AM 35986 136 82 Phase 2 & 6 112 0 1 0 EXT 

Detection 4 9:59:54 AM 35994 144 90 Phase 2 & 6 110 0 1 0 EXT 

H
u

n
te

r
 C

r
e
e
k

 

Detection 1 9:59:49 AM 35989 139 73 Phase 2 & 6 123 

94 107 

0 0 1 ERTG 

ERTG ERTG 
Detection 2 10:00:03 AM 36003 3 87 Phase 1 & 6 127 0 0 1 ERTG 

Detection 3 10:00:08 AM 36008 8 92 Phase 1 & 6 122 0 0 1 ERTG 

Detection 4 10:00:15 AM 36015 15 99 Phase 3 & 7 119 0 0 1 ERTG 

 

4.6  Conclusions and Future Work 

CV technology has a great potential to improve operational efficiency of traditional 

freight priority application practices. In this research, a connected FSP system is proposed by 

using the emerging CV technology which addresses the challenges associated with the current 

freight priority strategies. The study has the following contributions to the body of existing 

freight priority system’s literature: 

(1) This paper presents a novel methodology for the proposed FSP system which affirms the 

use of emerging CV data in existing traffic signal controller to facilitate prioritized 

freight movement. The proposed priority system uses cloud-based Glance central system 

to process the priority vehicle’s BSM information and places traditional detection input 

which an existing traffic signal controller can handle.  
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(2) An ETA-based priority logic is developed and analytically examined to demonstrate the 

operational efficiency that can be achieved from the proposed priority system. The 

analysis shows that the proposed ETA-based FSP system can accurately estimate 

freight’s arrival time at the stop bar and hence provide accurate and efficient priority 

measures compared to the traditional priority system. 

(3) The proposed priority system is implemented in a real-world coordinated signalized 

corridor and high-resolution event-based traffic data is used to systematically analyze the 

field operation. The field test results indicate the freight vehicle’s travel time can be 

reduced by 47% under the proposed ETA-based FSP system. The test deployment results 

also confirm the accuracy and consistency of the priority system proposed in this paper. 

While the proposed ETA-based FSP system can overcome the shortcomings and enhance 

operational efficiency of traditional freight priority system, future research is necessary to further 

improve the developed priority system. For future research, the authors plan to conduct extensive 

field tests to observe the proposed priority system’s effects on the general traffic under various 

traffic demands. In addition, the proposed FSP logic will be evaluated for multiple concurrent 

priority requests and implement conditional priority logic based on freight vehicle’s schedule 

adherence. Nevertheless, this paper sets out a new direction for FSP application leveraging CV 

technology and it is also hoped that the study serves as a valuable input to several department of 

transportation (DOTs) and traffic engineers who are seeking an efficient priority system to 

facilitate freight movement in a connected vehicle environment.
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CHAPTER 5  

CONCLUSIONS  

Reliable and robust data sources are crucial for understanding, managing, and improving  

transportation systems performance. Historically, this has been accomplished through the use of 

infrastructure-based data which oftentimes can be limited, inconsistent, and expensive. This 

dissertation makes the following contribution starting with using robust and cost-effective large 

probe data sets to characterize the performance of transportation network mobility. The first 

contribution provides a holistic approach to logically migrate from a facility-based mobility 

metric to a true journey time mobility metric that can potentially span multiple modes.  

The second contribution of this dissertation provides a novel signal control approach to 

improve intersection operational efficiency by using emerging CV data. A framework was 

established for implementing the trajectory-based signal control in a non-V2I environment using 

the existing traditional traffic signal controller. The work also extended the use of CV 

technology to facilitate prioritized freight movement in a signalized corridor. While traditional 

loop-detector can be used to provide signal priority to freight vehicles, this research identified 

several cases where loop-based detection can inaccurate and ineffective. With CV-based freight 

detection strategy, FSP system can achieve accurate freight detection and overall better 

operational performance.
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5.1  Characterizing Transportation Network Mobility 

The first work examined the use of route-based travel time reliability metric to develop 

new approach for characterizing mobility of urban transportation networks. Over 1.3 million data 

observations were used in the analysis, and produced the following conclusions: 

• The proposed route-based mobility metric offered scalability over facility-based 

metrics and implicitly incorporated last mile of connectivity that included variety 

of road classes.  

• Scalable analysis with both time of day and distance-based mobility metrics was 

performed for fifteen (15) largest cities in Alabama and fifty (50 largest cities in 

the U.S. This showed that the proposed technique can be effectively used to 

visualize travel time reliability trends for different geographic locations without 

major calibration. 

• One of the strengths of this analysis was the ability to extend these route-based 

mobility metrics to other modes such as transit, biking, and walking. This 

expansion could be beneficial for transportation investment decision makers to 

prioritize future transportation infrastructures. 

• The use of statistical tool with this dataset was found to be useful for cities to 

compare strategies and investments of peer cities and identifying different factors 

affecting travel reliability. 
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5.2  Traffic Signal Control with CV technology 

 Real-time vehicle trajectory information was used to develop methodology for 

improving operational efficiency at a signalized intersection. Two novel signal control 

algorithms were developed to demonstrate delay optimization and the following conclusions 

were made. 

• Traditional infrastructure-based sensor system can be used to generate real-time 

CV data from both connected and non-connected vehicles on the road.  

• Both signal control algorithms, DBA and WDBA, were able to respond with real-

time traffic demand, thereby eliminated the need for conventional TOD plans or 

signal retiming.  

• Analysis results showed that both proposed algorithms outperformed existing free 

timing operation, and statistically significant improvement was observed in terms 

of vehicle delay, stop delay, and queue length. 

• When the effectiveness of DBA and WDBA were compared, the findings showed 

that DBA performed somewhat better than WDBA, but the overall performances 

were comparable. 
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5.3  Connected Freight Priority System 

An ETA-based FSP system was developed and deployed to facilitate freight movement in 

a signalized arterial. The system utilized CV-technology for freight detection strategy and  

addressed the shortcomings associated with the conventional priority system. The conclusions 

from this work follow: 

• A comprehensive freight priority logic was developed and analytically examined. 

The analytical testing indicated that there were several cases where conventional 

loop-based detection system inaccurately estimated freight’s arrival time at the 

stop bar, which resulted incorrect priority measures.  

• The proposed ETA-based priority system used CV-based freight detection 

strategy and considered freight’s actual speed and estimated arrival time at the 

stop bar.   Therefore, was able to eliminate concerning drawbacks with the 

conventional priority system and improved priority operation’s efficiency.  

• High-resolution traffic events data were used for systematic analysis of the field 

deployment. The results validated the operation and confirmed the accuracy and 

consistency of the proposed priority system.  

• Field deployment results also showed that the ETA-based FSP system reduced 

freight’s travel time through the study corridor.  
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5.4  Future Works 

While this dissertation explored several applications for emerging data technologies, the 

findings of this research present a number of promising directions for further research. Some of 

the suggested directions follow:  

• While characterizing mobility for a jurisdictional area, trips from different traffic 

analysis zones can be considered instead of just within the city boundary. This 

will allow revealing underlying issues with transportation equality. 

• The signal control algorithms proposed in this study only considers vehicle’s 

speed, delay, and distance from the intersection. Other measures of effectiveness 

(MOEs) such as no of stop(s) for multiple intersections, safety, or environmental 

benefits can be considered. 

• To test the scalability of the proposed signal control algorithms, multiple 

intersections with different volume scenarios can be tested.  

• The FSP system demonstrated in this research tested priority requests from one 

traffic direction. For future research, multi-directional priority requests can be 

considered.  

• The proposed FSP system can be tested for conditional priority based on 

freight’s schedule adherence.  
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