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Real-time data communication and analysis are important to support many smart
transportation applications. The connected vehicle (CV) technology leads to a system in which
vehicles can communicate with other vehicles, transportation infrastructure, and other devices with
communication capabilities. With the increase of data availability, there is a great need for
algorithms to process and utilize the data to improve the system efficiency and mobility.

This study developed an adaptive navigation algorithm based on the data collection and
communication functions in the connected vehicle system. Specifically, the algorithm will utilize
real-time traffic information to adaptively recommend the optimal path considering both the user
cost and system impact. To quantify the travel cost associated with different paths, a link cost

function is developed to estimate both the link travel time and delay at the downstream intersection.



An empirical intersection delay function is derived from the stochastic queueing theory models.
The developed function can support link cost estimation for interrupted traffic flow on local streets,
which is a limitation for previous navigation algorithms. Based on the CV communication
capabilities, two specific dynamic navigation algorithms have been developed to suggest the
optimal paths that dynamically minimize the user cost and system impact, respectively.

The developed navigation algorithms have been implemented in a microscopic simulation
model using VISSIM application programming interface (API) functions. Multiple experiments
have been conducted to test the CV navigation algorithms in a virtual traffic environment based
on the urban street network in downtown Bellevue, WA. Experiment results reveal that CV
navigation algorithms are effective in reducing both the user and system cost compared to the static
navigation used by non-CVs. The benefits of adaptive navigation algorithms will increase with the
CV market penetration, and the maximum benefit is achieved when the CV penetration rate
reaches around 60%. In the studied network, the marginal benefit of using the dynamic system
optimum navigation over the dynamic user equilibrium navigation is relatively small (e.g., around
1%) comparing with the total user cost. Further experiments show that the developed CV
navigation algorithms can work effectively during non-recurrent congestions through properly

balancing historical and real-time traffic information.
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Chapter 1. INTRODUCTION

1.1 BACKGROUND

Past several years have witnessed a major change with regard to data availability in the
transportation domain. After decades of technology development in the traffic management
systems, vehicle-based technology has become the major focus in the next wave of innovation
(Mahmassani, 2016). Connected vehicle systems (CVS) will enable information transfer from
vehicle to vehicle (V2V), from vehicle to infrastructure (V21), and from vehicle to any devices
with communication capabilities (V2X). Such a system will provide large volumes of diverse,
multi-source, and high-resolution data to support numerous applications in traffic planning,
operation, and system optimization.

Figure 1.1 presents a typical CVS considered in this study. The implementation of CVS
requires the installation of On-Board Units (OBUSs) to vehicles and Road-Side Units (RSUs) to the
roadway infrastructure. According to the United States Department of Transportation (USDOT),
connected vehicle (CV) technology is readily available in the vehicle manufactural industry
(USDOT, 2016). In 2016, the National Highway Traffic Safety Administration (NHTSA) issued a
Notice of Proposed Rulemaking (NPRM) that targets to eventually require V2V devices in all new
light vehicles. On the infrastructure side, the Vehicle to Infrastructure Deployment Coalition (V21
DC) has created a Signal Phase and Timing (SPaT) challenge that encourages the deployment of
V21 devices in at least one corridor or network in each state by January 2020 (NOCoE, 2018). The
goal of the challenge is to help state and local transportation infrastructure owners and operators
better prepare for vehicles equipped with OBUs as well as test the implementation and impact of

V21 applications.



V2V

On Board Units (OBUs)
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A E D E R

Figure 1.1. Hlustration of a typical connected vehicle system.

With all the efforts in the deployment of CVS, however, a gap still exists between the
technology readiness and practical applications. Practical challenges have been revealed in the
implementation process such as management at scale and cost/benefit assessment. To understand
the concerns and challenges before the broad deployment of the CV technology, USDOT has
funded three pilot programs to evaluate the feasibility of CVS in New York City, Tampa, and
Wyoming (USDOT, 2018). The CVS deployed in these pilot sites include an integration of OBUs,
RSUs, and mobile devices, and each site has designed and developed a CV-based application
framework that specifically meet the region’s unique transportation needs. One of the important
objectives of these pilot project is to measure the impacts of CV applications, in order to ensure
that the deployment of CVS will deliver the expected benefits in safety, mobility, efficiency, and
environment.

V2l devices provide CVs with data collected and processed from the transportation

infrastructure. That said, transportation operators still face challenges collecting and processing



traffic information. According to the 2012 National Traffic Signal Report Card, the overall
performance of 311,000 traffic signals in the U.S. was disappointingly rated at a level of D+
(NTOC, 2012). The report also assessed detailed grading of these signals in five designated themes,
including management, signal operations, signal timing practices, traffic monitoring and data
collection, and maintenance. Among these themes, traffic monitoring and data collection was rated
the lowest, with a score of F. The implementation of RSUs will significantly improve the data
collection capability of traffic signals, but there still exists a great need for methodologies to
process and analyze the collected data.

One of the important benefits of CV based applications is to enhance the system mobility and
efficiency. In a complicated road network, multiple alternative paths can exist for a particular trip.
Previous ways of selecting the optimal path usually rely on the historical traffic data and users’
familiarity with the road. These navigation methods usually result in a non-optimal traffic
assignment with some roads over-traveled and others less-traveled. If the real-time traffic
information can be obtained and utilized, it is possible to develop a more efficient navigation
algorithm that can reduce both the user cost and system impact. Such an algorithm can be
implemented with the communication capabilities of the CVS, and it is expected that both CVs

and non-CVs will benefit from a more efficient traffic assignment in the roadway network.

1.2 PROBLEM STATEMENT

Although a number of existing navigation applications have already been using real-time
traffic data, some limitations still exist in the current navigation systems. First of all, the estimation
of link travel cost mainly relies on the vehicle speed data. This method usually can generate
sufficiently accurate estimates for uninterrupted traffic flow (e.g., freeways and highways with
controlled access). But for urban streets, the travel time is mainly controlled by the wait time at
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signalized intersections. Thus, the vehicle speed data are not enough to estimate the actual travel
time on each link. To efficiently navigate in different types of roads, it is necessary to obtain data
from both vehicles and traffic control signals so that the algorithm can work consistently for both
uninterrupted and interrupted traffic flow.

The current navigation system helps users to identify the optimal path based on certain criteria
(e.g., shortest travel time). In such a framework, each user’s optimization procedure is independent
from others and everyone aims to maximize their own benefit. This will lead the system to a
dynamic user equilibrium (DUE) state where no one has the incentive to switch to a different path.
But the DUE state is not necessarily the optimal state for the entire system. The total system cost
can be further reduced if some vehicles can navigate based on the system cost rather than the
individual user cost. The new equilibrium state in which the total system cost is minimized is called
the dynamic system optimum (DSO) state. To estimate the total cost of a transportation system, it
is necessary to know the traffic volume in each link. In the existing navigation applications,
however, such an optimization is not achievable without real-time data communication between
vehicles and the infrastructure.

The current navigation applications calculate the optimal route at the start of a trip. Given the
randomness in traffic, the recommended route might not continue to be optimal when the vehicle
is traveling in the road network. Although some applications can recommend alternative routes
based on real-time traffic data, users are usually reluctant to switch routes when the benefit is
small. In addition, the uncertainty nature of traffic also makes users skeptical about the estimated
benefit of the alternative route. This will result in under-utilization of the real-time traffic data,

which leads to inferior navigation results.



To address the aforementioned limitations, this study aims to develop a more efficient
navigation algorithm that can adaptively recommend the optimal path based on the real-time traffic
information. The whole algorithm is inspired by the rapidly evolving CV technology and the
increasing need for system optimization. Such an algorithm will be of significant value to public
agencies and private companies willing to efficiently manage a fleet of CVs, and will provide
insights to traffic operators and policy makers for traffic planning and system optimization in the

CV environment.

1.3 RESEARCH OBJECTIVES

The goal of this study is to develop an adaptive navigation algorithm based on data collection
and communication functions in CVS. Specifically, two types of data sources, infrastructure
(including intersections and road links) and connected vehicles, are utilized in the study. It is
assumed that connected vehicles can receive real-timed traffic flow and travel time information
from the infrastructure and the proposed navigation methodology will utilize such information to
determine the real-time optimal path in the road network.

The proposed navigation solution will combine a set of innovative algorithms, including a
link cost estimation function, a dynamic shortest-path algorithm based on the probabilistic
dynamic programming, and a system optimal navigation algorithm.

As the fundamental of the navigation algorithm, this study will first develop a link cost
function with special emphasis on the estimation of intersection delay. A general form of link cost
— traffic flow relationship will be derived from traffic flow and queueing theory models. The link
cost function is validated in various traffic scenarios with different levels of traffic flow
randomness. In addition to quantify the link cost in the navigation procedure, an important use of
the link cost function is to estimate the system cost associated with each routing decision. With
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CVs receiving the real-time traffic flow data collected by the infrastructure, the expected system
cost can be estimated as a combination of the user cost and the additional cost imposed on existing
vehicles on the link.

The second layer of the method involves a dynamic searching method for the optimal path
based on the real-time traffic information. Different from existing navigation methods in which
the optimal path is calculated based on historical traffic data or traffic information at the start of
the trip. The dynamic navigation method involves a Bayesian framework to predict future traffic
conditions when the vehicle is expected to arrive at the downstream links. The future traffic
condition is predicted based on both the historical and real-time traffic data. In the Bayesian
framework, the historical traffic pattern is used as the “prior” belief and the real-time traffic data
will be incorporated to update the “prior” belief and generate more reliable “posterior” predictions
of future traffic flow. Such a framework is more robust under nonrecurrent events when real-time
traffic is significantly different from the historical data. The classical shortest-path algorithm is
adapted into the form of probabilistic dynamic programming in the sense that the cost of
downstream links depends on the previous visited links and the cumulative travel cost.

In terms of the navigation objective, the proposed navigation algorithm supports both user
equilibrium and system optimum navigations. While the DUE navigation will lead the system into
the DUE state, the DSO navigation is able to achieve a better traffic assignment in terms of
reducing the total system cost. The navigation algorithm also allows CVs to adaptively change the
routing decisions based on real-time traffic information obtained during the trip, so that the
efficient network traffic assignment can be consistently achieved.

Both numerical experiments and microscopic simulations will be conducted to implement and

validate the proposed methodology. The experiments will quantify the benefits of the proposed



navigation algorithm, as well as the impacts at different CV market penetration rates. The proposed
study is of great potential for public sectors and private companies that would operate and optimize
a fleet of connected vehicles. The analysis results will also provide insights on communication
requirements and policies related to future deployment of connected vehicles and devices.
The following bullet points summarize the key contributions of the project
1. Incorporated the intersection delay into the link cost estimation so that the navigation
results are more accurate on local roads;
2. Enabled system optimum navigation function for connected vehicles to reduce the system
impact; and
3. Quantified the benefit of the proposed navigation method in experiments based on a real-

world traffic environment.

1.4 STUDY SCOPE

This section clearly describes the scope of the study to help readers further understand the
research objectives and avoid any confusions.

The study focuses on developing a navigation algorithm assuming a CVS has been deployed
with data communication and processing functions enabled. The proposed navigation algorithm is
implemented in a programming environment and tested in a virtual traffic scenario. The proposed
navigation algorithm is designed to be consistent with the prototyped CV messages and
applications. However, the study will not produce a software application that is ready to be applied
to real-world CVs.

The proposed navigation algorithm targets to find the optimal path under existing signal
control plans. The algorithm is validated under both fixed and actuated signal control scenarios.
However, the navigation algorithm does not involve coordinatively adjusting traffic signals in react
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to upcoming CVs. While CV based traffic signal coordination has great potential in reducing the
travel cost, the optimization task is significantly different from that of the vehicle navigation and
cannot be directly integrated in the same framework.

The proposed navigation algorithm is able to suggest the optimal path under different criteria.
In order to quantify the algorithm impact, this study assumes vehicles will follow the navigation
guidance when traveling in the road network. Such an assumption can be achieved by autonomous
driving functions or policies/incentives related to CV navigation. The expected algorithm impact
will provide significant insight for future policy and incentive development.

Additionally, the deployment of the CVS is expected to improve the traffic system in multiple
ways. For example, traffic congestion can be mitigated by eco-driving and speed harmonization
applications and safety functions can reduce the number of incidents on road. However, this study
focuses on analyzing the benefit of a more efficient network traffic assignment resulting from the
proposed navigation algorithm. Other CV introduced benefits related to the basic traffic flow

characteristics and traffic conditions, also promising, will not be discussed in this study.



Chapter 2. STATE OF THE ART

2.1 CONNECTED VEHICLE SYSTEMS

In a CVS, OBUs and RSUs periodically collet vehicle and infrastructure data, including the
position, speed, and status (e.g., brake, acceleration, and deceleration) from vehicles and the
intersection geometry, signal control plan (e.g., phase and timing), and signal priority status from
the infrastructure. Such information is initially stored as snapshots in its memory buffer. The stored
snapshots will be broadcasted and shared with other CV devices within the communication range.
Based on snapshots generated from the same vehicle, the trajectory can be reconstructed with the
vehicle’s position and speed at different time points. Knowledge of traffic control plan can also be
obtained from the roadmap constructed from snapshots of the same infrastructure. In this way, CV
applications can be developed for both vehicles and the infrastructure to optimize the system from

different perspectives.

2.1.1  Communication Requirements

In 1999, the Federal Communications Commission (FCC) allocated 75 MHz of bandwidth at
5.9 GHz as for Dedicated Short Range Communications (DSRC) specifically used for traffic safety
and mobility applications (FCC, 1999). Compared with other means of communication, DSRC
communication has lower latency and is more reliable (e.g., under weather events), which is
essential to support safety and mobility functions for fast-travelling vehicles.

The Society of Automotive Engineers (SAE) developed the J2735 dictionary as the
recommended standard for DSRC messages (SAE, 2006). Below summarize common message

types recommended in the J2735 standard



e BSM (Basic Safety Message) includes the vehicle situational data (e.g., position, heading,
speed, etc.). This is the core information used in CV safety applications such as collision
warning and driving assist.

e SPaT (Signal Phase and Timing) provides the current signal control status and timing
information. Such information is collected from the signal controller and broadcasted by
RSUs.

e MAP (Intersection Geometry) provides the layout of the intersection, including geometric
information for each lane and lane group.

e SRM (Signal Request Message) is sent by OBUs to RSUs to view the current signal status
or request signal pre-emption or priority.

e SSM (Signal Status Message) contains the current signal status and pending pre-emption
and priority requests. It is sent by RSUs in response to SRM.

e TIM (Traveler Information Message) is sent by RSUs providing roadway conditions and
traffic advice (e.g., congestions, incidents, and events).

Figure 2.1 illustrates a typical CVS, where CVs and RSUs are communicating with different

types of message. Note that the traffic in the figure is a mixed flow with CVs and non-CVs, and

only CVs are able to send and receive messages.
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Figure 2.1. lllustration of communications and standard message types in a CVS.

While DSRC was encouraged by U.S. regulators and has been adopted by a number of
automakers, in recent years there is an increasing interest of using 5G as the CV communication
channel instead of DSRC. For example, Ford recently announced that it will stop supporting
DSRC and choose 5G as the communication channel (Turpen, 2019). It is believed that 5G
broadband can transmit messages to a longer range and at a faster speed. Additionally, 5G is more
open for a variety types of devices as cellular network providers have been heavily investigating

in the communication infrastructure upgrades.

2.1.2  CV Applications

Various types of applications can be developed based on V2V, V2l and V2X communication
of different DSRC messages. The USDOT has assess and prototyped a number of CV applications

(USDOQT, 2015). These applications can be grouped into seven major categories.
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V21 Safety applications aim to improve traffic safety based by providing connected
vehicles with infrastructure data. Such applications include infrastructure-based warning
messages (e.g., red light, and work zone warning) and driving assist functions (e.g., curve
speed and stop sign gap assist).

V2V Safety applications provide vehicles with collision alerts or driving assists based on
data received from other OBUs. Typical applications include the Forward Collision
Warning (FCW) and Left Turn Assist (LTA).

Agency Data applications aim to use CV technology to enhance the traffic monitoring and
data collection for transportation agencies. For example, connected vehicles can report
various types of traffic data when traveling, such as origin-destination information,
intersection delay, and pavement status.

Environment applications utilize CV data to reduce the traffic related environmental
impact. For example, CV based speed harmonization will improve eco-driving and reduce
emission. Smart parking management can also reduce time spent on parking search.
Road Weather applications aim to provide vehicles with weather related alerts and
recommend treatment plans to infrastructure owners and operators.

Mobility applications aim to improve system efficiency through dynamic management of
vehicles, traffic signals and other infrastructure. One typical application is the Advanced
Traveler Information System (ATIS), based on which other applications can be developed
such as the smart signal management system, adaptive driving assist, and dynamic transit
and freight operations.

Smart Roadside applications aim to improve the freight system efficiency. Example

applications include wireless truck inspection and smart truck parking management.
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A review of the prototype CV applications shows that majority of CV applications focus on
improving traffic safety, primarily because safety is the top concern of local governments and
transportation agencies. CV potentials in system mobility and network efficiency, however, are
not equivalently emphasized. Additionally, existing CV applications focusing on mobility and
efficiency usually provide reactive services (e.g., sending alerts, broadcasting traffic information)
rather than proactive solutions. The latter ones are more complicated to build as they often require

communication and collaboration among various components in the CVS.

2.2 VEHICLE ROUTE CHOICE PROBLEMS

The vehicle route choice problem can be generally classified into routing and navigation
problems. But in some previous studies, these two terms were used interchangeably and lacked
clear distinction. This section clearly defined the two types of problems and summarizes the related

research.

2.2.1  Vehicle Routing and Navigation

The Vehicle Routing Problem (VRP) targets to find the optimal route for a vehicle that faces
multiple customers or requests at different locations. Based on the specific formulation, the VRP
methodology can be applied to various business situations such as truck dispatching, demand-
responsive transit, and rideshare services (Dantzig and Ramser, 1959; Ghiani et al., 2003). The
goal is to minimize the total routing cost for an individual vehicle or a fleet of vehicles. Depending
on the specific problem, the routing cost can be formulated travel distances, travel times, fuel
consumption, or a combination of different types of cost.

Based on the classical VRP formulation, further studies have incorporated practical

constraints in solving the optimization problem. Such constraints include vehicle capacity limits,
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service time windows, and service order constraints (e.g., goods must be picked-up first before
delivering to the destination) (Pillac et al., 2013). With the improvement of the real-time
information availability, dynamic vehicle routing algorithms have also been developed to
adaptively change vehicle routes based on the stochastic demand information. Dynamic vehicle
routing requires real-time vehicle positioning and management so that an adjusted route can be
calculated and executed in react to new service requests revealed en route. A number of variants
of dynamic VRP have been developed to suit different business models. For example, a new
service request may be accepted or rejected depending on the feasibility and cost of answering the
request (Gendreau et al., 1999; Powell, 1996). For VRP with less constraints in vehicle capacity
and service delay, researchers have developed methods that adaptively changes vehicle routes to
address all new requests (Ichoua et al., 2006; Secomandi, 2000).

VRP targets to find the optimal sequence of locations to visit, and the path or cost between
different locations are usually pre-determined. Thus, the vertices between service request locations
are usually omitted and the routing cost between any two locations is deterministic. In a
complicated road network, however, navigation method needs to be applied to find the optimal
path between two vertices.

The Vehicle Navigation Problem (VNP) targets to find the optimal path from the origin to the
destination in a complicated network. Similar to VRP, the optimal solution for VNP can be defined
with different types of travel cost (e.g., distance, travel time, and fuel consumption). The travel
cost associated with each link can be generally regarded as the “distance” of the link. Thus, the
optimal path for VNP can be solved by the classical shortest-path algorithm. Multiple algorithms
have been developed to find the shortest-path from the origin to the destination. Typical algorithms

include the Bellman-Ford algorithm (Bellman, 1958; Ford, 1956), Dijkstra’s algorithm (Dijkstra,
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1959), and Floyd’s algorithm (Floyd, 1962). The following section will introduce the classical and

improved shortest-path algorithms, which are commonly used in navigation problems.

2.2.2  Shortest-Path Algorithms

The roadway network is represented as a directed graph G(V,E), where {V} is the set of
vertices representing intersections and {E} is the set of edges representing road links. The number
of vertices and edges can be expressed by V| and |E|, respectively. Let V; denote a specific vertex
and E;; denote the directed edge from V; to V;. The origin and destination vertices are represented
by V,, and V), respectively.

In this example, we use the travel time as the measure of “distance”, and the shortest path
corresponds to the path with the minimum total travel time. Let tg,; represent the travel time
associated with the edge E;; and T; is the time of arrival at V; (i.e., the sum of travel times from all
preceding edges). The conventional Bellman-Ford algorithm is an iterative approach. Let Fy,

denote the minimum travel time from V; to V},, then the system must satisfy the following set of

equations
Fy, = min (Fy, +t5,), 1#D 2.1)
FVD = O

The basic method to solve for the problem is a successive approximation approach, which can

be illustrated as

1. Start with an initial sequence of travel times {F‘,(lo)}
. . K _ . (k—-1) (k) _
2. Initeration k, set F, " = min (FV]_ + tEi,-) and K, * = 0.

3. Repeat step 2 until the result converges to the solution.
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The original form of the Bellman algorithm assumes that every two vertices are linked by a
direct edge (Bellman, 1958). Thus, the initial travel time sequence can be simply set as the direct

travel cost between each vertex and the destination (i.e., Fv(io) = tg,,). The edge cost can be set as

infinity (i.e., tg, = o) in the case that there is no direct edge from V; to V;. The above iterative
algorithm will converge after at most (V| — 1) iterations. In each iteration, the algorithm needs to
check all |E| edges. This yields a time complexity of O(|V| - |[E]).

Dijkstra’s algorithm also solves the single-source shortest-path problem and is typically faster
than the Bellman-Fold algorithm. Dijkstra’s algorithm finds the shortest path using a double
labeling approach illustrated as following steps

1. Initialize the network, set the arrival time to all vertices as infinity (T, = +oo, Vi) and the
arrival time to the origin vertex as zero (T, = 0).

2. Initialize an empty parent hash map P to store the parent vertex of each vertex. For
example, Py, = V; means V; is the parent vertex of V; (i.e., V; is the immediate upstream
vertex of V; based on the current path searching process).

3. Initialize the “temporarily visited” group of vertices as {V,}, and the “unvisited” group of
vertices including all other vertices. Create an empty group of “permanently visited”
vertices.

4. Find the vertex V; with the minimum arrival time in the “temporarily visited” group. For
all its unvisited neighbor vertices V;, if we have Ty, + tg,; <Tv, then update vertex V;

with the new arrival time Ty; = Ty, + tg,, and update the parent hash map with Py, =V

Move V; into the “temporarily labeled” group.

5. Move V; into “permanently labeled” group.
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6. Repeat steps 4-5 until the destination vertex V}, is in the “permanently visited” group. The
shortest path can then be found through steps 7-10.
7. Initialize the path vertex set as {Vp}.

8. Let V; denote the leftmost vertex in the set, if V; # V,, append its parent vertex of Py, to

the left of the path vertex set.

9. Repeat step 8 until V, is the leftmost vertex in the set. The shortest path consists of

directed edges connecting every two adjacent vertices in the set from left to right.

The major computation load of Dijkstra’s algorithm attributes to searching for the minimum
distance node in the “temporarily visited” group. Research efforts have been devoted to speed up
classical Dijkstra’s algorithm. From the data structure perspective, researchers have been using
sorted data structures (e.g., bucket, heap/priority queue) to store the “temporarily visited” group
of vertices. The vertex with the smallest distance is always placed first in the group every time
after adding or removing a vertex. In this fashion, the shortest-path searching is faster and the
computation efficiency is greatly improved. Other studies focused on improving the algorithm
from the methodology perspective (Wagner and Willhalm, 2007). Such techniques include goal-
directed search (A* algorithm) (Hart et al., 1968), bidirectional search (Luby and Ragde, 1989),
and graph partition (Mdaring et al., 2007).

The aforementioned shortest-path algorithms are designed for road network with static travel
cost. But actual traffic is stochastic due to variations in multiple factors such as the traffic demand,
driving behaviors, and traffic control methods. Optimization of the stochastic problem depends on
how the stochastic traffic is modeled and the objective function. If the link travel cost is modeled
as a random variable with known distribution, the optimal path that minimizes the total expected

travel time can be found using the classical shortest-path algorithm (Frank, 1969). With the
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development of real-time data collection and analysis methods, a number of studies have been
focusing on dynamic navigation algorithms based on real-time information revealed during the
trip. EKlund et al. developed a dynamic shortest-path algorithm for a changing traffic network and
tested the effectiveness of the method in a simulation where the road network is partially destroyed
by an earthquake (Eklund et al., 1996). Chen et al. incorporated the real-time data collected from
traffic sensors into the navigation algorithm (Chen et al., 2012). The optimal path can be calculated
based on different criteria defined by both precise information (e.g., distance, lane type) and fuzzy
data (e.g., travel time, traffic volume). Further studies developed adaptive navigation algorithm
that can adaptively change the routing decision in response to the new traffic information. Based
on the conditional probability distribution of link travel time, Xiao and Lo developed a navigation
algorithm that adaptively calculate the optimal path using the en route traffic information (Xiao
and Lo, 2014). The algorithm is recalled to update the optimal path when the vehicle collects or
receives new traffic data during the trip. Instead of calculating the complete path, Fu developed a
closed-loop adaptive navigation method which suggests only the immediate next link (Fu, 2001).
The future link time is modeled as a random variable with known mean and variation to quantify

the expected travel time to the destination.

2.2.3  Traffic Assignment

The previous sections summarized different methodologies that help an individual vehicle to
find the optimal path independent from other vehicles’ route choices. Thus, these methods are also
referred to as independent navigation mechanisms (INMs). In the real-world road network, the link
travel cost is a function of the traffic flow. Thus, a particular vehicles route choice will also affect
other vehicles using the same route. If all vehicles have perfect knowledge about the network travel

cost and chooses the optimal route calculated from the shortest-path algorithm, this leads to a
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navigation game in which each vehicle targets to minimize its own cost (e.g., travel time). A Nash
equilibrium of such a navigation game is also called the user equilibrium (UE) traffic assignment.
Under UE, each vehicle chooses its optimal path depending on other vehicles’ route choices, and
no vehicle can further reduce its travel cost by switching to another path. Rosenthal proved that
the Nash equilibria (i.e., the UE traffic assignment) can be reached by solving an equivalent integer
programming model (Rosenthal, 1973). Let g denote the number of vehicles choosing edge E,
and tz(qg) is the edge travel time expressed as a function of the edge traffic flow. The vehicle

route choices are represented by a set of decision variables defined as

P _ {1 if vehicle v chooses path P
V" 10 otherwise

where a path P is a collection of connected edges. Let I?,, denote the set of all possible paths for
vehicle v to travel from its origin to its destination. The equivalent integer programming model is

expressed as

min  Yreg) ZZE:O te(y) (2.2)
s.t. Ypep, Xy =1, Y v

Qg = Yy XpsE X » VE € {E}

xF €{0,1}, Vv,PEP,

Given a network graph with finite number of edges, solution to (2.2) must exist. It is also
proved that any solution gives rise to a Nash equilibrium (and also the UE traffic assignment)
(Rosenthal, 1973). However, it is practically difficult to solve the above integer programming
problem due to the non-linear objective function and huge number of variables. To overcome such
limitations, Du et al. proposed a distributed algorithm in which vehicles sequentially update their
route choices to approximate the UE traffic assignment (Du et al., 2015a). The algorithm is inspired

by the real-time information exchange capabilities through V2V communication. In the navigation
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process, each vehicle knows the current route choices of all other vehicles, and the final route
decisions is a joint equilibrium considering all vehicles’ user optimality. This type of navigation
system is generally referred to as the coordinated navigation mechanism (CNM).

Under UE traffic assignment, each vehicle’s travel cost is minimized given the route choice
decisions of all other vehicles. However, UE is not necessarily the optimal state in terms of
minimizing the system cost. If we focus on minimizing the total travel cost from all vehicles, the
optimal solution is a system optimum (SO) traffic assignment. Following the notations defined in

Equation 2.2, the SO traffic assignment problem can be expressed as

min - Yge(z} 9ete(qr) (2.3)

s.t. Ypep, Xy =1, Vv

G = Xv 2poE Xp V E € {E}
xP €{0,1}, Vv,PEP,

The SO traffic assignment requires vehicles to collaboratively choose their routes. Under SO
traffic assignment, some vehicle might be able to further reduce its individual travel cost by
switching to a different path, but this behavior will increase the total travel time and thus the system
is not optimized.

The SO assignment requires collaboration among all vehicles and perfect knowledge of the
entire network. However, such assumptions are impossible to achieve in the real-word conditions.
Therefore, a number of route guidance methods have been developed to approximate the SO
assignment. For example, some studies developed a multi-agent platform to model the complicated
transportation management system (Groot et al., 2015; Kammoun et al., 2014). In such a
framework, vehicles receive navigation guidance from a centralized traffic authority, which
collects real-time traffic data and calculate the system optimal traffic assignment. Another way

towards the system optimum navigation is to directly quantify the system cost at the individual
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level (Chen and Kempe, 2008; Colak et al., 2016). The travel cost is formulated as a linear
combination of the “private” component (i.c., the individual travel cost) and the “external”
component (i.e., extra costs the individual imposed on others). This method does not require a
centralized authority to provide navigation guidance, but it assumes that the travel cost can be
explicitly expressed as a function against traffic volume and all vehicles have access to real-time
network traffic information.

The computational complexity of solving for an equilibrium traffic assignment highly
depends on how we model the network traffic flow. Static traffic assignment (STA) problems
assume that the traffic flow is time-invariant, and the link flow can be directly represented as the
aggregation of all vehicles choosing the link. This yields static UE and SO traffic assignments as
illustrated by Equations 2.2 and 2.3, respectively. Dynamic traffic assignment (DTA) problems
consider longer analysis time horizons and includes more realistic traffic flow constraints (e.qg.,
flow propagation, queue spillback, etc.). In DTA models, traffic demand and travel times both vary
over time, which requires more computational resources and higher data availability. With the
development of intelligent transportation systems (ITS), DTA models have been extensively
studied in the past several decades. Based on actual flow constraints, DTA models are widely
applied to predict future traffic flows and congestions for various traffic planning and facility
evaluation purposes.

Note that in DTA models, the traffic assignment equilibriums must also be redefined in the
dynamic traffic flow environment. This leads to the dynamic user equilibrium (DUE) and dynamic
system optimum (DSO) assignment. One of the earliest DUE studies was done by Friesz et al.

(Friesz et al., 1993), who defined the DUE traffic assignment conditions by extending Wardrop’s
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first principle of static UE traffic assignment (Wardrop, 1952). The DUE definition is slightly
rephrased and presented as follows

If, at each instant in time, for each origin-destination pair, the travel costs for all users are

identical and equal to the minimum travel cost on all feasible routes, then the dynamic traffic

flow pattern is in a dynamic user equilibrium (DUE) state.

Following this definition, research efforts have been devoted to provide analytical DUE
solutions (Bliemer and Bovy, 2003; Friesz et al., 1993; Ran et al., 1996). Ban et al. (2008) rewrote
the DUE conditions based on the discrete-time link-node traffic flow model and developed an
iterative algorithm to solve the non-linear complementarity problem (NCP). It is commonly agreed
that DUE is

The DSO traffic assignment targets to achieve the optimal traffic conditions from the system
perspective, which is to minimize the total system travel time of all users. One of the earliest pieces
of DSO research was completed by Merchant and Nemhauser (Merchant and Nemhauser, 1978),
who proposed an original form of the discrete-time DSO model. Following studies have discussed
various extensions of the DUE model, such as reformulating the problem as path-based and
continuous time models (Ma et al., 2014; Qian et al., 2012). As real-world traffic flows will not
follow DSO, researchers have been focusing on analyzing the optimal traffic operation in special
scenarios such as emergency evacuations. Thus, many DSO studies have simplified the model to
a single-destination problem (Mufbz and Laval, 2006; Shen and Zhang, 2014; Ziliaskopoulos,
2000), so that the total system travel cost can be minimized in such special situations.

In addition to analytical modeling, microscopic simulation provides another important
approach to analyze DTA problems. Compared with the analytical approach, which mainly focuses

on the macroscopic level, simulation-based DTA models rely on traffic simulators to realize traffic
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flow constraints at the microscopic or mesoscopic level (Peeta and Ziliaskopoulos, 2001). Thus,
simulation-based DTA models have the advantage of circumventing some limitations of the
analytical functions and keeping track of individual vehicles or vehicle groups. Additionally,
simulation-based DTA models can often be easily deployed in the actual ITS context as the model
functions are based on real-time interaction and information exchange with the traffic simulator
(Mahmassani, 2001).

An important limitation of simulation-based DTA models is that the model results highly rely
on the underlying traffic simulators, which were usually developed and used by a certain group of
researchers. Although this does not necessarily influence the research insights, simulation-based
DTA models still lack transferability between different traffic simulators as well as between
simulators and the real-world traffic network. Additionally, mesoscopic traffic simulators rely on
simplified traffic flow models (e.g., cell transmission model), which do not completely overcome
limitations of the analytical functions. Microscopic traffic simulators, although based on more
realistic car-following models, are often computationally inefficient (Yang and Koutsopoulos,
1996). Thus, many simulation-based DTA models require a trade-off between accuracy and

computation speed.

2.3 TRAVEL TIME MODELING

Travel time is a commonly used measure of travel cost. Knowledge of road travel time and
its relationship with other traffic flow metrics is important to support the aforementioned
navigation algorithms. This section introduces common methods to model travel time for different

types of facilities.
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23.1 Link Travel Time

The travel time on a link can be computed as the reciprocal of the space mean speed. The
fundamental traffic flow diagram gives the relationship between traffic flow rate, speed and
density (Mannering and Washburn, 2013). The speed-flow relationship can be separated into two
branches, with one representing the free-flow condition and the other representing the congestion
condition. In the free-flow condition, the speed first keeps almost constant at the free-flow speed
when the flow rate is low. With the flow rate increasing, the speed slightly decreases until the flow
rate reaches the capacity. The congestion branch of the speed-flow curve starts from the origin, as
fully congested traffic has zero flow rate and zero speed. As the congested traffic gradually
recover, the speed increases with the flow rate and the trend is commonly expressed in a parabolic
shape.

Based on the fundamental traffic flow diagrams, travel time increases with the flow rate when
the traffic is not congested. Simplified functions have been developed to approximate the
relationship between travel time and flow. One commonly used travel time function is developed

by the Bureau of Public Roads (BPR). The BPR link travel time function is expressed as

b
t(q) =t (1 +a (%) ) (2.9)

where t, is the free-flow travel time, g is the traffic flow rate (volume), and c is the capacity of
the link. a and b are function parameters and can vary depending on the specific case studied.

The BPR function describes a general positive relationship between link travel time and the
flow rate. However, it is important to note that the BPR function is specifically designed for
macroscopic analysis of uninterrupted traffic flow. Thus, BPR function is generally applied in
traffic assignment tasks in highway networks for planning purposes. But it is usually not
appropriate for modeling interrupted traffic flow on local roads.
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2.3.2 Intersection Delay

Delay at intersections is a major component of the total travel time for interrupted traffic flow.
Unlike link travel time function where extra travel time is caused by congestions, the intersection
delay is caused by vehicles stopping and waiting at red signals. Thus, the intersection delay can be
calculated by the wait time function in the queueing theory. Variants of queueing models have
been developed to address different types of arrival and departure flows. For a typical signalized
intersection, the departure flow rate can be modeled as a periodic uniform distribution. During red
signal, the departure rate is zero as no vehicle is allowed to travel. When the green signal starts
and there exists a vehicle queue, the departure flow rate becomes equal to the saturation flow rate,
qs. When the vehicle queue is cleared, the departure rate reduces and keeps the same as the arrival
rate for the remaining green signal. Hence, the departure flow at a signalized intersection is usually
modeled as a piecewise deterministic flow in the queueing analysis. Note that here we only
consider the case when the traffic is not saturated (i.e., arrival traffic is lower than the saturation
flow rate).

To understand the maximum arrival rate that can be served by the given signal control plan,

the intersection capacity q. can be expressed as

qc =24 (2.5)
where g and C are the effective green time and the cycle length, respectively, of the signal control
plan. When the vehicle arrival rate is smaller than the intersection capacity, the average vehicle
wait time can be estimated using queueing theory functions. However, the specific function to
estimate the intersection delay also relies on the type of the arriving traffic. The following sections
introduce models to estimate average vehicle delay for deterministic and stochastic vehicle

arrivals, respectively.
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2.3.3 Deterministic Vehicle Arrivals

Deterministic traffic arrival means that the appearance of vehicles is exactly pre-defined. Note
that the word “deterministic” does not necessarily infer uniform traffic arrival. The vehicle arrival
is deterministic as long as the traffic flow rate and vehicle headway can be exactly described by
any time-dependent function. Following this definition, deterministic traffic flow includes uniform
arrival rate, piecewise arrival rate, and changing arrival rate with some pre-defined function.

Figure 2.2 shows the traffic flow diagram assuming uniform vehicle arrival at signalized
intersections. As the arrival traffic flow is smaller than the intersection capacity, vehicle queues

can be fully discharged within each cycle.
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Figure 2.2. Traffic flow diagram for signalized intersection (uniform arrival).
The enclosed area between cumulative arrival departure vehicle curves (i.e., the shaded area
in Figure 2.2) represents the cumulative vehicle delay. Let g denote the deterministic arrival flow
rate, the average vehicle delay can be explicitly calculated as

d. = 0.5C(1—g/C)?
1= 1-min(1,X)g/C

(2.6)
where X = q/q. is the degree of saturation. Note that Equation 2.6 only works for the situation

when the arrival flow rate is equal or smaller than the intersection capacity (i.e., g < q.). When

26



q > q., the green signal length is not enough to serve the traffic and the average vehicle delay will
increase as the vehicle queue extends over time. HCM introduced an incremental delay term that
increases linearly with the analysis period when the intersection is over-saturated (TRB, 2010).

The incremental delay is expressed as

d, = 900T ((X )+ X = 1)2) 2.7)
where T is the length of the analysis period. Note that d, = 0 when q < g, as there is no
undischarged vehicles when the uniform vehicle arrival rate is smaller than the intersection

capacity. Combining the two equations, the general average vehicle delay function for

deterministic arrival flow is expressed as

d=d, +d, =249/ 4 9507 ((X —D+JX =1 ) (2.8)

1-min(1,X)g/C
234 Stochastic Vehicle Arrivals

Real-world traffic flow is not perfectly deterministic. Thus, probabilistic models have been
developed to analyze stochastic traffic flow. Previous studies have modeled stochastic vehicle
arrivals using different probability distributions, including Poisson and Binomial vehicle arrivals
(Dion et al., 2004; Miller, 1963; Newell, 1960; Zhu et al., 2017).

For Poisson vehicle arrivals, the number of vehicles observed (k) in a certain time period (T')
is assumed to follow a Poisson distribution, which can be expressed in the form of a probability

mass function as

-
P(k)=e o

(2.9)
where 1 = qT is the expected number of observed vehicles during the time period. Given the

Poisson distributed vehicle appearance, the time interval between each two consecutive vehicles
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(i.e., headway, h) will follow an exponential distribution, which is expressed in the form of a
probability distribution function as

P(h) = ge~o" (2.10)
where 8 = q is the average flow rate. The expected headway is E(h) = 81, which equals to the
inversed flow rate.

Binomial vehicle arrival model divides the continuous time period into discrete and equally
spaced time points, and it assumes that the arrival of a vehicle can only occur at those time points.
At each time point, there is a fixed probability, «, to observe a new vehicle. To model vehicle
delay at a traffic signal, the interval between time points is usually set equivalent to the saturation
vehicle headway so that during green signals exact one vehicle can depart at one time point. Thus,

the relationship between the arriving flow rate and the probability of observing a new vehicle is

a= qi (2.11)
Compared with the deterministic flow, stochastic traffic arrival at an intersection will cause
additional delay due to random cycle failures. The arrival flow may occasionally exceed the
intersection capacity during a short period, which leads to undischarged vehicle queues.
In one of the fundamental intersection delay study, Webster derived the equation to calculate

the average delay per vehicle under Poisson vehicle arrivals, which can be expressed as (Webster,

1958)

_ C-g/C)? x?
T 2(1-xg/C)  2q(1-X)

(2.12)

Note that the first term is essentially equal to the uniform delay term (d;) in the HCM
intersection delay function when the traffic is under-saturated (i.e., g < q.). The second term

calculates the incremental delay caused by occasional unserved vehicles due to random vehicle
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arrivals. Based on field results, Webster further added an empirical correction term to reduce the

estimation by around 10% (Webster, 1958). The revised function is expressed as

1

— C(l—g/C)2 X? _ dc 3 ,2+9
d= 2(1-Xg/C) t 22G-x) 0.65 (qz) X='c (2.13)

Under Binomial vehicle arrivals, the average delay per vehicle can be evaluated using the
following equation (Beckmann et al., 1956; Newell, 1960)

r2

d 2 t0 (+?) (2.14)

T 20-a)gn) | 2lg-algin)
where g, r are effective green and red times, respectively, measured in units of time intervals.

In addition to model stochastic vehicle arrivals using probability distributions, some studies
also developed empirical intersection delay function based on field measurements or simulation
results. It is important to note that the randomness in traffic can also depend on the flow rate. Under
high traffic volumes, for example, vehicles move closer with less variations in the headway. As a
result, the traffic flow is approximately uniform distributed. Additionally, under low traffic
volumes, the randomness in traffic flow has little impact on the vehicle delay. Thus, the average
vehicle delay for stochastic traffic arrival should be close to the results from Equation 2.8 when
the flow rate is very high or close to zero. A widely accepted way to model delay is to approximate
the deterministic function results when the degree of saturation (X) is very small or very large, and
then use a smooth curve to connect these two sections. HCM recommended adding a random delay

term to the deterministic incremental delay function to approximate the stochastic incremental

delay (TRB, 2010), which is expressed as

dl = 900T ((x 1+ J(x —1)2 4 ’;—"T’x> (2.15)
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where parameters m, k, I are adjustments for flow randomness, signal control plan, and signal
propagation, respectively. Note that in a roadway network, the degree of randomness in traffic
depends on the upstream traffic control plan. When there exists an upstream signalized
intersection, the downstream traffic flow will likely to follow a piecewise distribution similar to
the departure flow rate from the upstream intersection. However, given the multi-way intersection
and different types of traffic control policies (e.g., turns on red), the actual traffic flow is usually a
mix of the deterministic and stochastic vehicle arrivals. An accurate estimation of intersection

delay needs to take both traffic flow types into consideration.
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Chapter 3. STUDY DATA

3.1 RoADWAY GEOMETRICS

The study focuses on developing a CV based navigation algorithm that works for local road
network with signalized intersections. The urban street network from downtown Bellevue is used
as the test site of this study. The downtown Bellevue has a grid road system from Main Street
(south) to NE 12" Street (north) and from Bellevue Way NE (west) to 112" Ave NE (east). The
road network includes 35 intersections and 57 major bi-directional road links. The grid road system
is effective for testing navigation algorithms in the sense that it provides sufficient alternative paths
for any pair of origin and destination. This road network is also an ideal location to test CV
applications as the city is planning to launch a network of connected and autonomous vehicles to
serve people’s commuting needs in the downtown area (Ryan, 2018). This plan involves
deployment of CV devices in the studied network in the very near future.

Geometrical information (e.g., length, curve, and the number of lanes) of the road links was
obtained from the City of Bellevue. Figure 3.1 presents the studied road network and the
distribution of the road link length. The average link length is 664.4 ft and differences in link
lengths are mostly within 10%. Road links in two directions have similar lengths, creating square-

sized blocks in the area.
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Figure 3.1. Studied roadway network and link length distribution.

3.2 TRAFFIC DATA

To test the navigation algorithm in real-word traffic conditions, this study also include the
background traffic data in the analysis. The City of Bellevue has collected traffic count by
movements for each intersection during the midday off-peak period (i.e., 1 —2 PM) in 2017. Figure
3.2a shows the traffic counts for the NE 12" Street (north) and Bellevue Way NE intersection. For
each direction, traffic counts were summarized for each of the three movements (i.e., left-turn,
through, and right-turn).

Link traffic volumes were calculated by aggregating movement traffic counts in the same
direction. Note that there are two ways of calculating the link traffic volume. For a particular link,

the traffic volume can be calculated as 1) the flow entering the link from the upstream intersection;

32



2) the flow exiting the link to the downstream intersection. Results from the two methods do not
necessarily agree as some trips may begin or end in the middle of the link (e.g., at roadside
buildings and parking lots). This study applied the latter way to calculate the link traffic volume
as we are primarily interested in the link travel time, which is mainly controlled by its downstream
intersection.

The link traffic volume (veh/h/In) is shown in Figure 3.2b. According to the figure, traffic
conditions are different in different parts of the area. More traffic is observed in the boundary roads

and near the Bellevue Transit Center (in the center of the network).
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Figure 3.2. Intersection traffic count and link traffic volume of the studied network.
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3.3 SIMULATION MODEL

A microscopic traffic simulation model was developed by the City of Bellevue based on the
actual road geometry and signal control in the studied network. According to the microscopic
model, all intersections are controlled by actuated traffic signal with the “gap-out” method. For
each intersection, the signal timing parameters can be found in the corresponding VISSIM Ring

Barrier Controller (RBC) file. More details about the actuated signal control can be found in
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Figure 3.3. Microscopic simulation model of the studied network.

A

The microscopic simulation model was calibrated by the City of Bellevue with the actual

traffic data and has been used for planning and management purposes in the downtown Bellevue
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area. Specifically, this involves the configuration of vehicle composition, speed distributions,
conflict areas, priority rules, and reduced speed areas. Figure 3.4 shows the layout of a particular

intersection with related VISSIM objects placed at proper locations based on calibration results.

‘ =
s Bl ) US.Bank | ¢
Palace
RugGalery |7 10 @ i REduccuispeed arees
Bellevue “What The Seattle !

Nails Phd  Coffee ! AR )
Gear_../_ 1 e e e o

Conflict areas and

S °

" . e ! priority rules
mpo —'—\ Y E
| Wells Fargo :
Adynsors :

\ ; W

Figure 3.4. Layout of an intersection in the VISSIM model.

The simulation model will be used as the fundamental traffic environment to test CV
navigations developed in this study. More details of the data collection and navigation algorithm

implementation will be introduced in Chapter 7.
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Chapter 4. LINK COST ESTIMATION

Link cost estimation is the fundamental of the navigation algorithm to find the path with the
minimum total cost. In this study, travel time is used as the measure of travel cost. As
aforementioned, most previous studies used macroscopic travel time functions (e.g., BPR function)
to calculate link travel time and validate the navigation algorithm. This method is effective in
analyzing the travel cost at the macroscopic scale, such as traffic planning and system design tasks.
However, in terms of microscopic traffic analysis (e.g., travel time on local roads and intersection
wait time estimation), the BPR function fails to capture the detailed relationship between travel
cost and traffic flow rate. To address such limitations, a link cost function is developed to estimate
the time spent on a particular link and its downstream intersection. The link cost function describes
the general relationship between travel time and traffic flow rate, and the function parameters can
be learned from traffic data collected by CV devices. Numerical and simulation experiments have
also been conducted to validate the link cost function in various scenarios.

According to the fundamental traffic flow theory, the travel time-flow curve consists of two
branches: the uncongested and congested scenarios (Mannering and Washburn, 2013). Figure 4.1a
shows the theoretical travel time-flow curve. In the uncongested branch, travel time starts at the
free-flow travel time and increases with the flow until the traffic flow reaches capacity. In the
congested branch, the increase of traffic density causes flow to drop and travel time to increase.
Figure 4.1b shows the observed travel time and traffic volume data from a particular link, and we
can also clearly observe the uncongested and congested branches of the travel time-flow curve.
Note that the complete curve cannot be expressed as a function, as it allows the same traffic flow

at two different travel time values. In this study, we only consider the uncongested branch where
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travel time is an increasing function of traffic flow. The following sections will also focus on

deriving the travel time-flow relationship when the traffic flow has not reached the capacity.
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Figure 4.1. Theoretical and observed travel time-flow curves.

4.1 BASE FORM

This section illustrated the development of the link cost function, with special emphasis on
the downstream intersection delay estimation. Thus, the time spent on a particular link consists of
two components 1) the travel time on the link; 2) the wait time (delay) at the downstream

intersection. The base form of the link cost function is expressed as

t(q) = to +d(g) = -+ d(@) (4D
where t(q) is the time spent on the link. t, = [ /v, is the free-flow link travel time under the
design speed (I and v, are the length of the link and the design speed, respectively). d(q) is the
delay at the downstream intersection written as a function of the traffic flow rate, g. While the link
travel time can be directly calculated, estimation of the intersection delay is more complicated and

the detailed function development will be illustrated in the following sections. Instead of
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summarizing a practical function with pre-determined parameters, this study focuses on analyzing
the general relationship between the intersection delay and the traffic flow rate. A general form of
the intersection delay function is derived from the traffic flow and queueing theory, and the
function parameters can be learned from the actual traffic data. In this way, the link cost function
can utilize the traffic data collected from the CVS and can be uniquely learned for each individual
link.

Note that in the base form we assume that link travel time, t,, is independent of the traffic
flow rate. In the real-world situation, however, with the increase of link traffic volume, additional
delay may be caused due to congestion-related reasons such as lane switching and shock waves.
But in local roads, congestion is not the main reason of delay as the traffic flow is primarily
controlled by the signalized intersections. Additionally, it is hard to separate link congestion delay
and intersection delay when collecting travel time data. Thus, in the link cost function, the
congestion delay is also included in the intersection delay function d(q). In the experiments, the
function parameters are learned using the total time spent on the link and the intersection, the
congestion delay will also be captured in d(q), which is an increasing function with the traffic

flow rate.

4.2 INTERSECTION DELAY FUNCTION

The intersection delay estimation problem has been extensively studied, and multiple different
intersection delay functions can be found in the literature. An important limitation of previously
functions is that they often rely on pre-defined function parameters learned from previous field
studies and lack the flexibility for different types of signal control plan under various traffic
conditions. To overcome the limitation, this study focuses on developing an empirical function
based on the general relationship between intersection delay and the traffic flow rate. The function
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parameters will be learned from actual data collected at each individual link and its downstream
intersection. Thus, the link cost function will be eventually unique for each link with its particular

signal control and traffic condition.

4.2.1  Pre-Timed Signal Control

The estimation of average delay per vehicle at pre-timed traffic signals has been extensively
studied in previous research. Section 2.3 has summarized major theoretical and empirical
intersection delay functions. In this section, we will develop a general form of intersection delay
function with empirical parameters that can be learned from actual traffic data.

For uniform vehicle arrivals, the average vehicle delay can be explicitly calculated from

Equation 2.6 when the traffic signal is under-saturated. Here we rewrite the function as

d, = (C;Cg)z (1- qis)_1 0<q<gq, (4.2)

For stochastic vehicle arrivals, the situation is more complicated as occasional cycle failures
can happen even when traffic signal is under-saturated. The average delay per vehicle can be
theoretically estimated if the stochastic vehicle arrivals follow known distributions. For Poisson

vehicle arrivals, the average intersection delay can be estimated using Equation 2.13. Here we

rewrite the equation for notation consistency

d = %(1 - qis)_1 + 2‘*?(1 - qic)_1 —0 (q§) (4.3)

For Binomial vehicle arrivals, the average intersection delay can be estimated using Equation

2.14. Here we also rewrite the equation with consistent notations

=2 (1) L £(1-5) " 4o (- 9%) (4.4)

2C qs 29 c
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Note that HCM also has developed the incremental delay function for stochastic vehicle
arrival (Equation 2.15). But the HCM function is a practical delay relationship which uses an
arbitrary function to fit the field observed delay data. This study, on the other hand, will focusing
on summarizing theoretical delay models based on which an empirical delay function can be
developed.

Comparing the two stochastic intersection delay models, some common features can be
summarized as below

e The first term of stochastic delay is the same as the uniform delay, d,;

e The trend of the incremental delay is mainly controlled by (1 - qi) ;

c

e Empirical terms with lower orders than the incremental delay are included in both models.

While the first feature is intuitive, the second feature can be explained considering the extreme
condition. When the stochastic arrival flow rate approaches the intersection capacity (i.e., ¢ = q.),
the average vehicle delay will grow to infinity. This is because undischarged vehicle queues caused
by occasional cycle failures are expected to carry over from cycle to cycle forever as the signal
timing plan is just sufficient to serve future traffic. Thus, the average vehicle delay will keep
increasing as the undischarged vehicle queue grows.

Based on the common features summarized from previously stochastic intersection delay
functions, we developed a general function that describes the overall trend of average delay per

vehicle under stochastic vehicle arrivals, which is expressed as

-1
d=d1+a(1—i) , 0<q<q, (4.5)
where d; is the uniform delay as expressed by Equation 4.2. Note that instead of relying on a pre-

determined rate, we introduce a function parameter, a, to describe the trend of incremental delay
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caused by random vehicle arrivals. The function parameter can be empirically learned from actual
travel time data to ensure that the function results match the field measurements. As a result, it is
unnecessary to include an empirical term to further adjust the delay results.

It is important to note that both Poisson and Binomial delay functions (Equations 4.3 and 4.4)
assume completely stochastic vehicle arrivals and infinite study period (hence the delay
approximate infinity when the traffic flow rate reaches the capacity). However, the real-world
traffic flow is usually a mix of deterministic and stochastic flows. As a result, the actual
intersection delay is smaller than the results calculated from theoretical stochastic delay functions.
To further consider that only part of the traffic flow is stochastic, an additional parameter, b, is

added into the delay function. The revised function is expressed as

-1
d=d1+a(1—bqic) (4.6)
The new parameter b represents the level of stochasticity in the traffic flow, and ranges
between 0 and 1 when the traffic flow is between uniform and stochastic flows. The value of b can
also be estimated based on actual travel time measurements. Compared with traditional
intersection delay functions, the above function has the adaptivity to various scenarios with
different parameter settings:
e If a = 0, the function equals to the theoretical uniform delay function;
e Ifa=+0,b=0, the function equals to uniform delay function with a fixed empirical
correction factor;
e Ifa>0,b=1,the function approximates the theoretical stochastic delay function with
the value of a properly estimated.

Consider that the real-world traffic flow is between the uniform and stochastic scenarios, the

developed delay function can adapt to different cases with parameters learned from actual traffic
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data. As parameter b is usually smaller than 1, the delay model allows occasional oversaturation
(i.e., g is slightly higher than g,.) for short time periods, which can potentially be observed in the
actual data. Thus, the constraint of traffic flow q < g, is relaxed. But it is unlikely to observe
traffic flows significantly higher than the capacity.

One advantage of the developed delay function is that empirically learning the value of b can
handle errors in the intersection capacity estimation. Given the complexity in intersection
geometry and signal control, it is difficult to reach an accurate estimation of the capacity for a
particular direction or movement. When the estimation of g, is inaccurate, the value of b can be
adjusted accordingly to ensure that the delay function fits actual data. Ideally, with the accurate
capacity, b is inthe range of 0 and 1 with 1 corresponding to completely stochastic vehicle arrivals.
But if the capacity estimation is inaccurate, for example, if we overestimate the intersection
capacity, we might have the empirical estimate of b greater than 1 to balance the inaccurate
capacity value.

All previous delay functions are based on a one-lane traffic signal. Given the number of lanes
n for a particular movement at the intersection, the final form of the multi-lane intersection delay

function is

d=d+a(1-b-2 )_1 (4.7)

nxqc

where q. now specifically represents the per-lane traffic capacity.

4.2.2  Actuated Signal Control

The last section introduces the development of the general average delay function for multi-
lane intersection with pre-timed traffic signal control. The intersections in the studied network,

however, are controlled by actuated signal control plan. The layout of traffic detectors for a typical
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actuated signal is illustrated in Figure 4.2. Two vehicle detectors are placed in each lane: the
presence detector is placed at the stop line to detect if there is any vehicle waiting during the red
time, and the passage detector is placed a short distance (e.g., around 40 ft in this study) from the

signal head to actuate green signal extension upon arriving vehicle in the current phase.

Presence detector at the stop line
\

\

Passage detector

Figure 4.2. Detector layout for a typical actuated signal control.

The green time for an actuated signal control is determined by three control parameters:
minimum green interval, maximum green interval, and vehicle extension (or passage time). The
minimum green interval is the shortest period that the signal must remain green to satisfy drivers’
expectation of green signal length and pedestrian crossing needs. The maximum green interval
marks the maximum amount of time the green signal can be displayed from the moment that a
waiting vehicle in the conflicting phases is firstly detected. The vehicle extension controls the
amount that the green time is extended after reaching the minimum green time. If a new vehicle
arrives at the passage detector within the current green signal indication, the green time is extended
by an additional vehicle extension (to the maximum of the maximum total green time period).
Figure 4.3 illustrates the procedure of how green time is determined by the signal control
parameters. In the signal timing design, the vehicle extension is mainly determined by the

maximum allowable headway. By adjusting the vehicle extension time, we can control the
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maximum allowable headway that could actuate consecutive green signal extensions. Any vehicle
gaps higher than the maximum allowable headway will terminate the phase. Thus, this is also
referred as “gap-out” actuated operation in the signal control terminology.

Time

Maximum Total Green Period

Minimum Green Interval |

Vehicle Extension

Actuation

Maximum Green Interval

; ‘ol
!

A Detector actuation on phase with right-of-way

@ Detector actuation on a conflicting phase

Figure 4.3. lllustration of actuated signal control parameters.

Actuated signal control allows the green signal length to change adaptively in response to
traffic demand. Compared with pre-timed control, actuated signal control usually has lower delay
at the cost of installing and maintaining traffic detectors (Koonce and Rodegerdts, 2008). Due to
the non-fixed signal timing, previous studies did not specifically develop the theoretical delay
model for actuated signals. This study will further revise the empirical delay function through
developing the theoretical delay model for actuated signals.

As aforementioned in Chapter 3, all intersections in the studied network are controlled by
actuated signal plans, and actuated signal control parameters can be obtained in the VISSIM RBC
interface. Figure 4.4 shows the RBC interface of a particular actuated signal control plan. Note

that the intersection delay function developed in the previous section is based on pre-timed signal
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control. As the studied network is controlled by actuated signals, the intersection delay function

needs to be further adjusted to consider the changing green period.
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Figure 4.4. RBC interface of an actuated signal control plan in the studied network.

Equation 4.7 expresses the pre-timed intersection delay as two components: the uniform delay
term (d;) and the stochastic incremental delay term. Here we assume that the stochastic
incremental delay for the actuated signal control still follows the trend of (1 — b X q/(n X q.))~?!
because:

e The stochastic incremental delay mainly occurs when the traffic demand is high; and

e Under high traffic demand, the actuated signal operation is mainly controlled by the

maximum green time and performs very similar to the pre-timed signal control.

Through learning empirical parameters based on the field data, the stochastic incremental

delay term can automatically adjust to actuated signal control operation given the stochastic delay
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follows the same trend. The uniform delay function, however, is derived from fixed green signal
length and needs to be adjusted for actuated signal operation. In the following paragraphs of this
section, we will derive the function to estimate the uniform delay term for actuated signal control
plan.

The uniform intersection delay is defined as the average wait time per vehicle under uniform
vehicle arrivals. As the vehicles arrive at a fixed rate, the actuated signal operation will also follow
some specific pattern. For example, when the vehicle arrival rate is given (i.e., the uniform traffic
flow rate is known), the total green period can also be determined as each signal cycle will face
exactly the same vehicle arrival pattern. Calculating the total green period requires analyzing the
exact number of vehicle extensions being actuated, and this is directly related to the vehicle arrival
rate in the traffic flow and the vehicle extension time in the actuated signal settings.

According to Figure 4.4, the actuated signal control uses two seconds as the vehicle extension
time. Further investigation of the VISSIM model reveals that this vehicle extension value has been
used in all intersections in the studied network. Note that two seconds is approximately the
saturation vehicle headway, and this indicates that the actuated signal operation will only extend
the green indication period if the next vehicle closely follows the proceeding vehicle at the
saturation headway. Under uniform vehicle arrival assumption, this can only occur when queueing
vehicles are being discharged. Thus, in an actuated traffic signal with the vehicle extension time
equal to the saturation vehicle headway, the green signal period will be adjusted to only serve the
waiting vehicles for each phase. Therefore, the balance of traffic flow can be expressed as

qs9 = q(g + 1) (4.8)
where the left part represents the departure traffic, which equals to the saturation flow rate (q;)

multiply the effective green time (g); and the right part of the equation represents the arrival traffic,
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which equals to the traffic flow rate (g) multiply the cycle length (C = g + r). This gives the

effective green time as a function of the traffic flow rate

g = 1y (4.9)

Equation 4.9 gives the actuated signal green period as an increasing function of the traffic
flow rate. Note that in the actuated signal control plan, the green indication time is also controlled
by the minimum and maximum green signal period. Let g,,,;, and gpmax denote the minimum and
maximum effective green period, respectively, the effective green time is constrained by

Imin < g < Imax (4-10)

This gives the constraint of traffic flow rate

Imin Imax
< g < Imax_ 411
ImintT s 1 ImaxtT s ( )

Take Equation 4.9 into the uniform delay function (Equation 4.2), the average delay per

vehicle can be estimated as

dy(@) = - (1 —i)_l =2(=9) (1 —1)_1 =5 oMgi<q< Mg (412)

2(g+r) 2\ gs qs ImintT

This gives the uniform delay of the actuated signal control as a constant (i.e., half of the

effective red time) when the green time is between the minimum and maximum green period.

Recall that -Imax_ g = 9max ;s essentially the capacity (g.) for the actuated signal. When g >

Imax+r C

q., the signal is over-saturated, and the uniform delay will grow with the analysis period and
eventually approach infinity. The over-saturation case is not considered in this study.

When 0 < g < %qs, the green indication period will be fixed at the minimum green
min

time. The uniform delay is
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dl(q)=L(1—i)_l=f( r )(1—1)_1 0<q<-min g (413)

2(gmintm) ds 2 \Gmintr ds Imintr

The overall trend of the uniform delay for actuated signal control can be expressed as

-1 Imin
r(_r _a 0<q < -dmin_
di(q) =1 ) (1-3) o (4.14)
B Imin_g < q<q,

2 ImintT
Based on the above equation, the relationship between traffic flow rate and average delay per
vehicle at an actuated signal is illustrated in Figure 4.5. The bold curve shows the change of the

average vehicle delay, which first follows the pre-timed uniform delay function of g = g,,,;, and

then remains when the green time is being actuated (i.e., gmin < 9 < Gmax)- When 0 <g <

dmin_ g, we have - — 22 () < d, (q) <. Note that as the difference is 22 (——) <

Imint7T 2 Imint7 ImintT
*"’”T"". Given that the minimum green time is usually small (e.g., around 4 seconds), the slight delay
difference at low traffic demand is often negligible when comparing with the intersection delay

and link travel time. Thus, to simplify the delay function, we generally assume that the uniform

delay is a constant when the signal control is under-saturated.
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Figure 4.5. Average vehicle delay curve for actuated signal control.
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Let d,, denote the constant uniform delay, the final average vehicle delay function for actuated

signalized intersection is

-1
d(@) =dy+a(1-b-L) (4.15)
It is important to note that the conclusion that the uniform delay remains constant when the
green signal is being actuated relies on the signal setting that the vehicle extension approximately
equals the saturation headway. As a result, vehicle leave the traffic signal at the saturation flow
rate during the entire green signal period. If the vehicle extension time is set longer, then the
average vehicle delay will have a more complicated relationship with the traffic flow rate.
According to the derivation, the constant uniform delay equals to half of the effective red
time. For actuated signal control, the effective red time includes green times of conflicting phases
and is determined by conflicting traffic flow rates. Here we assume that the traffic flows from
different directions are independent and uses a constant term to generally represent the average
effective red time of the studied phase. Such an assumption is reasonable when focusing on
analyzing individual vehicle’s travel time and system impact, as the route choice of an individual
vehicle will unlikely cause a big change in the traffic demands from other directions. When
estimating the delay function parameters, however, different delay functions need to be trained
when the traffic condition changes. For example, an intersection may have different delay curves
(i.e., delay functions with different parameters) during peak and off-peak hours. In the real-world
applications, it is recommended that the delay function parameters being trained periodically to

reflect the actual traffic scenario.
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423 Parameter Estimation

Previous sections summarized the development of the average vehicle delay function for
actuated signalized intersections in this study. The general delay function form has two empirical
parameters (a and b) to be learned from the actual traffic data.

This study estimates the delay function parameters that minimizes the mean squared error
(MSE) of the delay estimates. Let {d;}, and {q;})_, denote the set of average vehicle delay and
traffic flow rate collected at an intersection, the parameter estimation can be expressed in the form

of a constrained optimization problem as

1 q -12
. — = N L _ _ _i
min MSE(a,h) = 331, (dl dy—a(1-b-1L) ) (4.16)
s.t. a=0
b>0

Recall that if the intersection capacity can be accurately estimated, we should have 0 < b <
1. However, it is difficult to estimate the exact intersection capacity due to complex traffic control
rules such as shared lane and phase by different movements. Thus, we remove the constraint b <
1 so that the model can handle the case when we overestimate the intersection capacity.

As the objective function is continuous and smooth (i.e., the second derivatives exist and are
continuous), this study applied a Newton-based algorithm to find the optimal parameter estimates
(Schnabel, 1985). The general procedure of the algorithm is

1. Atiteration 0, choose a pair of initial parameters (a,, b,) to start;

2. At iteration k, compute a descent direction (s,t;) for MSE(a, b) at (ay, by) using

Newton’s method;
3. Update (a1, bx+1) = (ax + ySk, b + vty), where y is the line-search parameter;
4. lterate steps 2-3 until the decrease of MSE(a, b) is smaller than the tolerance.
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Newton’s method is guaranteed to converge if the starting point is sufficiently close to the
global minimum. Thus, it is important to choose a reasonable starting point for the function
parameters. According to the numerical and simulation experiments, this study found that

(5D(d), 0.5) is arobust starting point that converges to the global minimum in all test cases, where

SD(d)=\/Z(di—J)/(N—1) is the standard deviation of the average vehicle delay

observations. Recall that the physical meaning of parameters a and b are the scale of the stochastic
delay and the level of randomness in the traffic flow. The recommended starting point
(SD(d),0.5) is essentially a reasonable guess of the parameter values.

After including the intersection delay function into the base form of the link cost function, the

complete function for link cost estimation is

q -1
t(@) =to+dy+a(1-b nxqc) (4.17)

Based on historical travel time and traffic flow rate, the delay function parameters can be
learned using data collected at each road link. Thus, the delay function parameters will be different

at each link with a specific traffic scenario. Such information will be stored in the RSUs and shared

with other connected devices in the CVS.

4.3 NUMERICAL TESTS

Numerical experiments have been conducted to evaluate the accuracy of the proposed link
cost function. The numerical experiments aim to validate the function in various traffic scenarios.
As aforementioned, the actual traffic flow is a mix of two types: deterministic and stochastic
vehicle arrivals. The traffic flow randomness also depends on both the flow rate and the upstream
traffic control plan. Thus, in the numerical experiment, we considered different combinations of

the two types of flows in the arrival traffic to mimic real-word traffic in various conditions.
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4.3.1  Study Scenario

A typical traffic scenario is considered to test the developed stochastic delay function. The
traffic scenario is based on a one-lane single direction road with a traffic signal operated by an

actuated signal control plan illustrated in Figure 4.6.

Traffic flow Traffic signal

=  Minimum headway: 2 s =  Minimum effective green time: 4 s

=  Saturation flow rate: 1800 velvh =  Maximum effective green time: 40 s
= All vehicles are passenger cars = Effective red time: 40 s

= Capacity: 900 veh/h

>~(000)

Figure 4.6. Studied traffic scenario.

The basic input of the experiment is summarized as below.

e All vehicles are passenger cars

e There is only one lane to serve the arriving/depart vehicles

e The minimum vehicle headway is 2 seconds, which yields a saturation flow rate of 1800
veh/h.

e The traffic signal configurations are: minimum effective green time gpin =45 ;
maximum effective green time g,,., = 40 s; and effective red time r = 40 s. This gives

the intersection capacity of g. = 900 veh/h.

The analysis period is 3 hours.
In the numerical experiments, the average vehicle delay is computed at different levels of

traffic demand comprised of both uniform and stochastic flows.
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43.2 Traffic Flow Generation

A traffic generator is developed to create arrival traffic at a specific flow rate and the traffic
flow randomness level. To calculate the average vehicle delay, the traffic generator needs to create
the arrival time for each individual vehicle. Instead of sampling traffic counts from certain
distributions (e.g., uniform, Poisson, and Binomial distributions) at a macroscopic level, the traffic
generator will create random samples of vehicle headway, and then calculate each vehicle’s time
of arrival at the signal head.

For uniform vehicle arrivals, the traffic generator will create a new vehicle at fixed rate
because the headway is constant. For stochastic vehicle arrivals, Poisson distribution is widely
used to describe the vehicle count distribution. Under Poisson vehicle arrival assumption, the
vehicle headway follows an exponential distribution (as illustrated in Equation 2.10). However,
previous studies have pointed out that Poisson vehicle arrivals may cause unrealistic traffic
fluctuations as the exponential distribution allows arbitrary small intervals between vehicles
(Newell, 1960).

Instead of directly using the exponential distribution to generate headway samples, we further
consider the physical traffic flow constraint in the numerical experiment. In the real-world traffic
flow, drivers tend to keep a safe distance (i.e., the saturation headway) between vehicles, and it is
very rare to observe vehicle headway smaller than the saturation headway. In an exponential
distribution, the probability density is highest near 0, thus may generate a noticeable amount of
headway samples smaller than the saturation flow rate. To overcome this limitation, this study uses
the Gamma distribution to generate vehicle headway samples.

The probability density function (PDF) of a Gamma distribution can be expressed as

P(R) = % R temBr (4.18)

53



where a and B are shape and rate parameters, respectively. The expected headway is E(h") =

a/[. Comparing with the exponential distribution PDF (Equation 2.10), the Gamma distribution

has an additional term h’*~". If the shape parameter « is greater than one, the gamma distribution
will have a skewed bell shape which ensures extremely small headways being rarely sampled. In
the numerical experiment, we use @ = ¢~ and 8 = 1 as the Gamma distribution parameters, so
that we have the expected headway equal to the inversed flow rate (i.e.,, E(h") = a/B = q71).
Additionally, as the expected headway is higher than the saturation flow rate (e.g., typically 2 s),
we can also ensure & > 1 which gives a bell-shaped Gamma PDF.

Another good feature of using Gamma distributed headway is that the vehicle arrival still
flows a Poisson-like distribution. When vehicle headway follows an exponential distribution h ~
exp(0), the vehicle arrival times can be calculated as the cumulative sums of headways. According
to probability theory, the sum of independent and identically distributed (i.i.d.) exponential random
variables is a Gamma random variable, which is expressed as

X, =Y  h; ~ Gamma(k, 6) (4.19)

Note that X;s are not independent. The Poisson distributed vehicle count can be written as

_p Ak
Proisson(Y = k|4 =qT) = P(X; <T, Xpp >T) =425 (4.20)
If using Gamma distributed headway (i.e., ' ~ Gamma(a, )), the vehicle arrival times can
be similarly calculated as the cumulative sums of headways. According to Gamma distribution

features, the sum of i.i.d. Gamma random variables is also a Gamma random variable, which is

k
X, = Z h; ~ Gamma(ka, B)
i=1

In this case, the probability mass function of vehicle count can be expressed as

P(Y =k|T)=P(X, <T, Xj,, >T)
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Given that {X,} and {X,} are both Gamma distributed sequences with increasing shape
parameter and fixed rate parameter, the vehicle count based on Gamma distributed headway will
follow a Poisson-like distribution.

The numerical experiment will test different degrees of randomness in the traffic flow to
mimic real-world traffic situations. This is represented by the percentage of stochastic vehicle
headways in the arrival traffic. For a 50% stochastic traffic flow, for example, half of the vehicle
headways are constant (for uniform traffic flow) and the other half are sampled from the
exponential distribution. Figure 4.7 shows the distribution of five-minute vehicle count at different
degrees of randomness created by the traffic generator. The average flow rate is 600 veh/h and the
average five-minute vehicle count is 50. Three degrees of randomness (i.e., 20%, 50%, and 100%)
were tested. With low randomness in traffic (e.g., 20%), the vehicle counts densely distribute
around the average value. When the degree of randomness increases, however, the distribution

spreads, and the vehicle count has a greater variance.
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Figure 4.7. Five-minute vehicle count distribution for different degrees of randomness.

4.3.3 Test Result

To test the effectiveness of the intersection delay function in different scenarios, the numerical
experiments calculate the average delay of various traffic demand and randomness levels. For each
traffic flow rate and each degree of randomness, the numerical experiment is repeated ten times
with different random seeds. The numerical experiment results are used to estimate the proposed

delay function parameters, and a unique delay function is learned for each particular degree of
randomness. Recall that theoretically, the uniform delay changes from g—g";—""(h) to g

when g < gmin, and remains constant (i.e., equal to g) when g = gmin. TO balance the delay

function accuracy in both cases, here we use d,, = g — 1 as the uniform delay term in the delay
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function. As the effective green time is four seconds in the numerical experiment, the estimation
error cause by the constant uniform delay assumption is less than one second in all cases.

Figure 4.8 presents the scatterplot of average vehicle delay against the traffic flow rate for
different traffic scenarios when the degree of randomness varies from 10% to 90%. The fitted
delay function with parameters learned from the data are also presented in dashed curves. In
general, the empirical delay functions approximately describe the delay trend in all scenarios. The
fitted delay function can accurately reflect the delay increase when the traffic demand
approximates the capacity with sufficient number of observations (e.g., the degree of randomness
greater than 50%). In terms of result accuracy, the proposed delay function will slightly
overestimate under low traffic demand and underestimate under moderate traffic flow rate. This is
due to the approximation of the constant uniform delay assumption. In the numerical experiments,
the root mean squared error (RMSE) is around 0.5-1 s/veh, which is smaller than half of the
minimum effective green time as expected. The estimation error is negligible compared to the

overall intersection delay.
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Figure 4.8. Average vehicle delay and fitted curves from numerical experiments.

Figure 4.9 shows the estimated delay function parameters at different levels of traffic flow
randomness. Note that for each traffic flow scenario, the experiment is repeated ten times with
different random seeds. In the figure, the mean values of the estimated parameter from the ten
experiments are represented in points and the standard deviations are represented as error bars.
With the increase of traffic flow randomness, both parameters tend to converge to some value. The
stochasticity parameter b increases with the traffic flow randomness, and eventually approaches 1
when the vehicle arrivals are completely stochastic. Note that here we know the exact capacity
(i.e., g = 900 veh/h), thus b approaches 1 when the degree of traffic flow randomness increases.

If the capacity estimation is inaccurate, the stochasticity parameter b will converge to a different
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value. The scale parameter a first decreases to balance the increase of b, and then stabilized at
some positive value. Changes in the function parameter estimates indicate that the empirical delay

function is adaptive in various traffic conditions.
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Figure 4.9. Relationship between delay function parameters and traffic flow randomness.

In the numerical experiment results, the average vehicle delay is almost flat for moderate
traffic demand. This is because we assume traffic flows in different directions are independent and
thus the effective red time does not change with the current phase traffic flow rate. In the real-
world situation, however, traffic flows in different directions can be correlated to some extent (i.e.,
different directions may have similar traffic patterns). This will cause the effective red time to be
positively correlated with the traffic demand. Thus, the “flat” part of delay results will be less

observable, and the average vehicle delay will increase more smoothly with the traffic demand. It
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is expected that the empirical delay function can fit the results more accurately when the delay
trend is smoother.

Although the numerical experiment is based on a typical one-lane actuated signalized
intersection, the experiment conclusions can be applied to more general cases. In the following
section, the empirical delay function will be used to fit delay results from the microscopic

simulation model in order to set up the link travel time function used in the navigation algorithm.

4.4  SIMULATION TESTS

The empirical delay function is utilized to learn the relationship between link travel time and
traffic volume in the VISSIM simulation model introduced in Section 3.3. The objectives of
simulation experiments include: 1) validating the empirical delay function in the microscopic
simulation environment with more complicated traffic characteristics (e.g., lane switching,
acceleration/deceleration, and multi-lane intersections); and 2) developing link cost functions to
be used in the CV navigation methodology.

To learn the link cost function, it is necessary to collect link travel time data under different
traffic demand levels. Thus, we change the simulation vehicle input from 20% to 200% of the
default traffic volume (i.e., vehicle counts collected during off-peak hours) to collect link travel
time data at various traffic conditions. According to the simulation results, majority of the roads
are congested when the vehicle input is twice of the default value. Therefore, we did not further
increase the traffic input beyond 200% in the simulation experiments.

The average travel time vehicles spent on each link and its downstream intersection has been
collected during the simulation runs. For each vehicle input level, the simulation is repeated ten
times with different random seeds. Each simulation run lasts for two hours. The first hour is the
warm-up period and vehicle travel time results are only collected in the second hour. In the
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following paragraphs, we introduce the detailed step of fitting the empirical delay function based
on a particular link (and its downstream intersection). Other links in the network can be analyzed
in the similar procedure.

The studied link is the southbound of Bellevue Way NE at the intersection of NE 8™ St and
Bellevue Way NE. Figure 4.10 shows the screenshot of the intersection in the microscopic
simulation model and the traffic count for each movement. The intersection is located in the busy

commercial area in downtown Bellevue and four directions have nearly balanced traffic demand.
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Figure 4.10. Example intersection in the microscopic simulation model.

Figure 4.11 shows the collected average link travel time at different traffic input rates. The
scatter points are slightly jittered in the horizontal direction to avoid overlapping pointes. When
the traffic is uncongested (lower part of the graph), the link travel time smoothly increases with

the traffic volume. For the studied link, the traffic becomes congested when the vehicle input is
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higher than 160% of the default. As we only focus on analyzing the uncongested link cost function,
traffic scenarios with traffic input rate higher than 160% are removed. The remaining simulation

results are used to learn empirical parameters of the link cost function as expressed in Equation

4.17.
Traffic Input Rate (%)
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Figure 4.11. Signal control diagram of the studied intersection.

The first step is to estimate the pre-determined (or non-empirical) parameters in the link cost
function. The base travel time, t,, can be directly calculated from the link length and design speed.
Given the link length of 661.4 ft and design speed of 50 mph, we have t, = 9.02 s. Estimation of
the constant uniform delay term, d,,, is less straightforward as the signal control is actuated. Note
that from the empirical delay function, the minimum possible delay we can obtain is d,, (i.e., the
uniform delay assuming no randomness in traffic). Thus, we set d,, equal to a value slightly smaller
than the minimum delay observed in the simulation results (e.g., min(d;) — 10 is used for the
studied link). The intersection capacity g., again, cannot be accurately estimated due to the
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actuated signal timing and complicated traffic control methods (e.g., shared lane and phase by
different movements). Here we simply assume the saturation headway is 2 seconds and the
effective green indication ratio is 50%, which gives the intersection capacity of g. = 900 veh/h.
According to Figure 4.11, we slightly underestimate the intersection capacity (as the actual
capacity is around 1000 veh/h). Recall that the stochasticity parameter b can adjust to handle
inaccurate capacity estimate, and the assumption of g. = 900 veh/h is sufficiently accuracy to
learn the empirical delay function.

The delay function parameters are estimated by minimizing the MSE of the function result.
Figure 4.12 shows the simulation travel time results (in scatter pointes) and the fitted link cost
function in dashed curve. In general, the fitted link cost function accurately describes the trend of
link travel time results. The RMSE is 7.82 s/veh, and majority of the estimation error comes from
the high traffic demand scenario. The simulation test proves that the proposed delay function is
effective to capture the relationship between link travel time and traffic volume. Note that here we
use the hourly average link travel time to fit the link cost function. If the link travel time is
aggregated at shorter time intervals (e.g., 15 minutes), the travel time data will have greater
variance, but the trend of the data will not be affected. When fitting the link cost function, it is
recommended that the link travel time is aggregated by longer time intervals (e.g. an hour) to

reduce the variance, so that the trend of the link travel time can be accurately captured.
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Figure 4.12. Simulated delay results and fitted delay function.

The fitted link cost function will be used in the navigation methodology to assess travel time
and system impact of different route choice decisions. Note that the similar procedure is repeated
for each link and a unique link cost function is developed based on travel time results collected at
the link (and the downstream intersection) during the simulation runs. A complete list of curve-

fitting results for all links is presented in Appendix A.
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Chapter 5. DYNAMIC TRAFFIC ASSIGNMENT

This chapter describes the objectives of the CV navigation methodology in the DTA context.
Specifically, this study considers time-variant traffic flows and travel times, and the CV navigation
algorithms target to achieve some special cases of DTA (e.g., DUE or DSO). As the primary goal
of this research is to provide navigation guidance to individual connected vehicles, the DTA
models will focus on the microscopic vehicular behaviors instead of the macroscopic traffic flow

analysis.

5.1 NETWORK REPRESENTATION

This section clearly defines notations used to represent traffic network throughout this paper.
Note that some of the notations have also been used consistently in Chapter 2. The roadway
network can be represented as a directed graph G(V,E) consisting of edges and vertices,
representing road links and intersections, respectively. Let {I’} denote the group of vertices and
{E} denote the group of edges. The number of vertices and edges can be expressed by |V| and |E],

respectively. A path P is a collection of |P| connected edges expressed as

P ={E} ... EFY} (5.1)
For an individual vehicle v, let P, denote the set of all possible paths from its origin to the

destination, written as

Py
P, = {PJ, w0 P! '} (5.2)
Each path P/ is a unique path from the origin vertex to the destination vertex. For the specific
vehicle, the total number of feasible paths is |IP,,|. The travel time (including both the link travel

time and delay at the downstream intersection) associated with edge E is expressed as tz(qg|T),
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which takes the form of the link travel time function (Equation 4.17). Note that the edge traffic
volume, g, is a time-variant variable. We use qg|T to represent the edge traffic flow rate at time
T.

To avoid confusion in notation, in this paper we use lower-case t to represent a time period
(e.g., the edge travel time), and upper-case T to represent a time point (e.g., the trip start time).
The time-variant traffic flow rate can be summarized from historical traffic data (e.g., average

traffic volume aggregated by different time intervals).

5.2  VEHICLE CLASSES

Real-world traffic is not homogeneous, and this study also considers a mixed traffic flow with
different vehicle classes. Depending on the accessibility to real-time traffic information, vehicles
can be classified into connected and non-connected vehicles (non-CVs). Different navigation
algorithms can also be applied to each type of vehicles. Specifically, this study defines the
following three vehicle classes with different navigation objectives

1. Non-connected vehicles that navigate using the historical traffic data;

2. Connected vehicles that collaboratively navigate towards the DUE state; and

3. Connected vehicles that collaboratively navigate towards the DSO state.

The following section will discuss the specific navigation method applied to each class. In the
algorithm tests, we will also consider mixed traffic flows with different CV penetration rates to

analyze the effectiveness of navigation methods.
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5.3 VEHICLE NAVIGATION STRATEGIES

Three types of navigation goals are defined for the vehicle classes defined above, respectively.
The following sections will clearly define the navigation objectives mathematically to guide the

development of practical navigation algorithms.

5.3.1  Static Navigation

The static navigation algorithm is used by non-CVs, which targets to find the optimal path
based on the historical traffic data. In the static navigation procedure, the edge travel times are
time-invariant and can be pre-determined before the start of the trip. The optimal route is the path
with the minimum expected cumulative travel time. Let x denote the route choice decision for

vehicle v expressed as

P _ {1 if vehicle v chooses path P
x5 =
v 0 otherwise

The vehicle navigation can be represented as an optimization problem expressed as
&P =1=11p=m,), YW,PEP, (5.3)

where 7, is the path travel time calculated as the sum of the static edge travel time

Tp = ZE},EP tEIi) (5.4)

1, IS the minimum travel time from all feasible paths, written as

T, = IgéllPr,l, Tp (5.5)
Given the time-invariant edge travel time tg, the optimal route can be found using the classical
shortest-path algorithm as described in Section 2.2.2. Note that the static navigation infers that the

edge travel cost does not change in the optimal path searching process. But this does not limit to

vehicles only using historical traffic data. If the vehicle collects and calculates the optimal path
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based on the edge travel time collected at the start of the trip, this is still considered as static

navigation problem as the edge travel cost does not change in the optimal path searching process.

5.3.2  Dynamic User Equilibrium Navigation

The static navigation aims to find the optimal path based on the knowledge before or at the
time of the start of the trip. However, the selected path may not continue to be “optimal” due to
traffic incidents or non-recurrent congestions that cause changes in traffic during the trip.
Additionally, independent route choice decisions may result in the optimal path being over-
traveled. Hence, the static navigation algorithm does not guarantee to find the optimal path
considering route choice decisions from all other vehicles. As connected vehicles can collect traffic
data and communicate with each other in real-time, there is a potential to find a more robust
optimal path with better travel cost outcomes.

In this section, we introduce the CV navigation methodology that approximate the DUE traffic
assignment in DTA models. The path-based DUE definition is presented in Section 2.2.3. Here we
rewrite the DUE conditions from the individual vehicle perspective as follows

For each vehicle, starting from any instant of time, traveling between a specific origin-

destination pair, the actual experienced route travel cost equals to the minimum possible

travel cost on all feasible routes.

Casting into mathematical notations, if a vehicle v departs at time instant T, and all feasible
routes for its O-D pair is IP,,, then it will select the path with the minimal travel cost. Let 7, (T,,)
denote the path travel time when departing at T,,, the minimum travel cost of vehicle v departing

at T,, from its origin to the destination can be expressed as

Ty (Tv) = Fr’ré%Pn Tp (Tv) (56)
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Then the vehicle level route choice decisions in the DUE state can be written as

(xF =1 = 1p(T;,) = m,(T,)), Vv,PEP, (5.7)
where x£ is the route choice decision variable of vehicle v defined the same as that in the last
section.

The key task in DUE navigation methodology is to quantify the dynamic travel time of
different paths. The path travel time can be expressed as the sum of its edge travel times at different

time instants

T,,E’g) (5.8)

TP(TU) = ZEFi,EP tE}i, (qul;

where Tf P denotes the time instant vehicle v arrives at the start node of edge E} if choosing path
P. In the dynamic traffic flow context, the times of arrival at each edge can be calculated as

cumulative sums of edge travel times, which is

o T, ifi=1
T,” = -1 Lt o 5.9
v {TUEP + tpi-a (qEIiD—l Tfp ) ifi>1 (59)

where E5~1 is the proceeding edge of EJ in path P, if E5 is not the first edge of path P (in this case
we have i = 1 and the vehicle arrives at the edge at T;,). Equation 5.9 explicitly represent the edge
arrival time as the sum of the arrival time and travel time of the proceeding edge. Note that here
we assume that the travel time vehicle v spent on an edge is determined at the time vehicle v
arrives at the edge. This is an intuitive assumption as vehicles arriving later than v should not
influence the travel time of v in the first-in-first-out (FIFO) car-following environment.

Based on the edge arrival times, the traffic flow propagation is satisfied in the sense that the
time-variant edge traffic flow rate is calculated as the sum of individual vehicles traveling on the

edge during a particular time period. Casting into mathematical notations yields
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GelT = 3= %o Tpapxb - I(T — AT < TE <T) (5.10)

where

1 fT—AT<TE<T

]I(T—AT<TEST)={ .
0 otherwise

Basically, the edge traffic flow at time instant T is defined as the average traffic flow rate
during a short time period of (T — AT, T]. The length of the analysis time period, AT, should be
reasonably determined so that vehicles arriving during the period actually affect the edge travel
time at T. In the local road network with intersections, AT should be in a similar scale as the signal
cycle length to reflect the intersection traffic control operations.

Equations 5.6 - 5.10 express the vehicle-based DUE conditions as a mathematical problem.
However, the mathematical problem is only of theoretical importance, and it is hard to solve the
problem analytically due to discrete traffic volume and huge number of variables. This study
focuses on simulation-based traffic analysis and proposes a coordinated vehicle navigation
approach to solve the problem from the individual vehicle route choice perspective. Specifically,
this study makes the following assumption:

The DUE conditions can be reached through all vehicles using time-dependent navigation

that finds the user optimal path based on other vehicles’ routing decisions.

It is important to note that the DUE state is an idealistic DTA condition since it requires the
actual experienced travel cost of each vehicle to be minimal. From the individual vehicle
perspective, however, it is impossible to obtain accurate evaluation of the path travel time at the
start of the trip. Thus, this study proposes a DUE navigation methodology for connected vehicles
from the following major aspects

e Future traffic flows and travel times are predicted based on real-time traffic data and route

choice decisions of connected vehicles;
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e Connected vehicles navigate following the optimal path based on the predicted future

traffic flow and travel time; and

e Frequently update the travel time predictions using the most recent traffic data to ensure

accuracy.

Note that as the optimal path is identified from the predicted travel time, the resultant traffic
assignment is not strictly in a DUE state. Rather, the network traffic flow will approximate the
DUE state in the sense that the actual travel time of each vehicle is approximately the minimum
travel time on any feasible routes given the travel time predictions are sufficiently accurate.

The DUE vehicle navigation strategy can be represented by Equation 5.7, which aims to find
the path with the minimum travel time. The only difference is that vehicles will use predicted travel
times to identify the optimal path. Based on the edge arrival time equation (Equation 5.9), the
downstream edge travel time depends on the predicted vehicle arrival time, which is expressed as
the sum of the predicted arrival time and travel time of the upstream edge. This forms a dynamic
programming framework in the sense that evaluating the edge travel time requires memorizing
results of all preceding edges. This chapter focuses on discussing the vehicle navigation objectives
to approximate the desired DTA conditions. More details about vehicle navigation algorithms will
be presented in Chapter 6.

It is also necessary to mention that in the DUE state the optimal path is conditioned on route
choice decisions of all other vehicles. Thus, collaboration is required among vehicles to avoid the
optimal path being over-traveled. This study also proposes a coordinated vehicle navigation
algorithm that utilizes the communication capability in the CVS. In the coordinated navigation

system, each connected vehicle knows the route choice decision of all other CVs. The DUE
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navigation algorithm will find the optimal path conditioned on all other vehicles, and in the

equilibrium state, no vehicle has the incentive to switch to a different path.

5.3.3  Dynamic System Optimum Navigation

The previous section introduces individual vehicles’ navigation objectives to approximate the
DUE state. From the system perspective, however, the DUE state is usually not optimal in terms
of minimizing the total travel time for all vehicles. DSO represents the optimal traffic state from
the system perspective, where the total travel time experienced by all vehicles is minimized.
Although it is commonly accepted that DSO does not reflect real-world traffic conditions, it can
still provide insights on the potential optimal network traffic condition. Additionally, DSO can be
practically applied in some special cases. For example, a centralized authority controls a fleet of
CVs and targets to minimize the total travel cost rather than the individual travel cost of each
vehicle. In this section, we will discuss the vehicle navigation objectives towards the DSO state.

In macroscopic DTA research, the DSO state is usually formulated as an optimization problem
that minimizes the sum of vehicle travel times in an integral over time (for continuous-time DTA
models) or in a summation of all time intervals (for discrete-time DTA models). Such an
optimization problem is not directly defined as individual vehicle navigation objectives. Studies
found that the DSO conditions can be converted in to a path-based optimization in a similar form
as the DUE problem (Qian et al., 2012; Shen et al., 2007). Define the path marginal cost as the
change of total system travel time corresponding to a unit change of traffic flow on a particular
path. From the individual vehicle perspective, the DSO conditions can be expressed as

For each vehicle, starting from any instant of time, traveling between a specific origin-

destination pair, the actual induced system cost (path marginal cost) equals to the minimum

possible system cost on all feasible routes.
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On the individual vehicle level, the path marginal cost can be evaluated as the sum of system
costs on the consisting edges. Additionally, the system cost associated with each edge can be
evaluated given the link travel cost expressed as a function of traffic flow rate (Du et al., 2015b;
Xiao and Lo, 2014). When a vehicle chooses edge E, the resultant system cost consists of two
parts

e The private part: the edge travel time for the vehicle itself

e The external part: extra travel time imposed to other vehicles using the edge

The individual vehicle travel time can be estimated using the edge travel time function tz(qg).
For the existing edge traffic, the extra travel time caused by the route choice of an individual

vehicle can be evaluated as the product of the existing traffic flow and the marginal increase of the

edge travel time, which is gz X ‘”j—;‘“’"). Let ¢,  denote the system cost associated with edge E,
E

The edge system cost can be expressed as a function of the edge traffic flow rate

dt
tse(qe) = te(qe) + %% (5.11)

Expand the edge travel time function t;(qg) (Equation 4.17) and we get

tos(qs) = to+dy +a(1—b n‘i’zc)_l + =g (1-b ni’jh)_z (5.12)
Equation 5.12 gives the relationship between the system cost and the traffic flow rate for a
particular edge. Given that the edge system cost can be evaluated, a potential way to achieve the
DSO state is to allow individual CV to compute its own system optimum route using a DSO
navigation algorithm. Compared with macroscopic DSO solutions, which usually requires a
centralized authority to calculate the DSO traffic assignment and instruct drivers with proper

navigation guidance, the individual vehicle navigation solution can distribute the computation load

(for optimal path search) among individual vehicles without relying on a centralized authority.
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However, this requires all vehicles having access to the real-time traffic information and
collaborating on the optimal route choice decisions.
From the individual vehicle perspective, the DSO conditions can be mathematical expressed

as

(xll;) =1= Ts,P(Tv) = T[s,v(Tv)), vVv,P € P, (5.13)

sy (Tv) = gé%pn Ts,p (Tv)

Ei
Tsp () = ZE},EP Lyl (qE};, T, P)
o (B ifi =1
TP = i-1 i-1 .
v {Tfp +tpia (qEIiJ—1 Tfp ) ifi>1

qelT = 5= Xo Zpapxb - I(T — AT < TE <T)
xP ={0,1}

where the individual vehicle route choice variable (x£), edge arrival time (T,,E’i’), and time-variant
edge flow rate (q¢|T) are defined the same as that in the last section. =, » (T},) and rs ,,(T;,) are path
system cost and minimum system cost from all feasible paths, respectively, if vehicle v starts at
T,.

Similar to the DUE state, this study will solve the problem from the individual vehicle route
choice perspective based on the following assumption:

The DSO conditions can be reached through all vehicles using time-dependent navigation

that finds the system optimal path based on other vehicles’ routing decisions.

Compared with the DUE problem, the optimal path in DSO context is the path with the
minimum system cost. Thus, the edge travel time (tz) in the DUE problem equations is here

replaced by the edge system cost (¢, ). Recall that tz(qg) is the edge travel time function, which
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is a convex function when the traffic is uncongested. It is important to analyze the edge system
cost function to see if the DSO problem can be solved in a similar way as that for the DUE problem.

Figure 5.1 shows the change of edge system cost of a typical edge against the average traffic
flow rate and the degree of randomness in traffic. Note that here we consider stochastic vehicle
arrivals, and the actual traffic flow is a mix of uniform and stochastic flows. According to the
figure, the edge system cost is mainly determined by the traffic flow rate. With the increase of
traffic flow randomness, the expected system cost also increases. Note that the effect of traffic
flow randomness is relatively small compared to the effect of flow rate. When the traffic flow rate
is small (e.g., less than 600 veh/h), the change of system cost caused by the degree of randomness
is negligible. At all levels of traffic flow randomness, the edge system cost is a convex function of
the traffic flow rate. This suggests that the vehicle navigation method used to approximate DUE

conditions can be similarly applied to the DSO problem.
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Figure 5.1. Change of system cost against traffic flow rate and degree of randomness.

From the individual vehicle perspective, the DSO navigation algorithm aims to find the path
with the minimum system cost conditioned on the route choice decisions of all other vehicles. But
the traffic flow propagation also requires evaluating the edge travel times to predict future traffic
flows and travel times. Thus, the DSO navigation methodology will evaluate both the edge travel
time and the edge system cost, in order to accurately predict the future traffic states and find the
system optimal path.

It is important to note that the DSO navigation does not necessarily indicate that the network
traffic flow is dynamically optimized at any instant of time. The term DSO is used here because
the DSO navigation targets to achieve the DSO state as defined in DTA models. Given that CVs

rely on predicted user and system costs to navigate and real-time traffic data are collected and
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updated at discrete time intervals, the DSO navigation will allocate CVs so that the system
approximates the DSO state in the dynamic traffic environment.

Both DUE and DSO navigation algorithms rely on the link travel time function to evaluate
the travel cost and system cost. However, this does not necessarily require accurate prediction of
the edge travel time and system cost. It is also shown in Chapter 4 that real-world link travel time
cannot be exactly expressed as a function due to the traffic flow randomness. In both DUE and
DSO navigation algorithms, connected vehicles will communicate and find the optimal routes
conditioned on the route choice decisions of all other vehicles. Thus, the link travel time function
can actually be considered as a way to penalize vehicles choosing the same path. The general
relationship between the link travel time and traffic flow rate is sufficient to help achieve a desired

dynamic traffic assignment through the coordinate vehicle navigation methodology.
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Chapter 6. VEHICLE NAVIGATION ALGORITHMS

The last chapter analyzed the navigation objectives from the individual vehicle perspective
towards a desired DTA state (i.e., DUE or DSO). Following that, this chapter will introduce the

specific vehicle navigation algorithms to achieve the objectives.

6.1 STATIC NAVIGATION ALGORITHM

Non-CVs aim to find the shortest path based on static edge travel times. The navigation
problem can be solved by classical shortest-path algorithms. This study specifically considers two
types of shortest-path algorithms: Bellman-Ford algorithm and Dijkstra algorithm. Details of these
two methods can be found in Section 2.2.2.

Based on the static navigation algorithms, non-CVs with the same O-D pair will find the same
optimal route. If we have a significant amount of non-CVs starting at a short period, this may lead
to non-recurrent congestions in the identified optimal route. In such scenarios, vehicle

communication is critical to distribute the traffic more efficiently throughout the network.

6.2 DYNAMIC NAVIGATION ALGORITHMS

Two types of dynamic navigation methods (i.e., DUE and DSO navigation) have been
proposed for CVs. Chapter 5 presented the vehicle-based mathematical representations of the DUE
and DSO conditions. Under DUE conditions, the navigation problem for vehicle v (assuming it is

a CV) starting at T, can be expressed as

7% (6.1)

(4

min 70 (T) = Zegep by (95

where
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Under DSO conditions, the navigation problem for vehicle v can be expressed as

) EL
min Tsp(Ty) = Lpgiep tspl (qE;, Tv”) (6.2)
where
o (B ifi =1
TP = i-1 i-1 .
v {Tfp +tpia (qEIiJ—1 Tfp ) ifi>1

One of the key features in DUE and DSO navigation problem is that the edge travel time (or
edge system cost) varies over time because of the time-variant traffic flow rate (gqg|T). The
evaluation of the time-dependent edge flow rate will be introduced in the following section. To
solve the dynamic navigation problems, this study also developed a number of time-dependent

shortest-path algorithms which will be illustrated in Section 6.2.2.

6.2.1 Travel Time Prediction

The dynamic navigation algorithms rely on predicting the future edge travel time (or edge
system cost), which requires the estimation of time-dependent traffic flow rate (qz|T). In the CV-
based navigation system design, the traffic flow prediction is conducted by RSUs, which can
collect traffic data and predict future traffic states. Specifically, two pieces of traffic information,
namely the historical and real-time traffic data, are used in the traffic flow prediction task. A
Bayesian method is developed to utilize both historical traffic pattern and real-time traffic
measurements. Here we define a “time period” as a length of time that periodically occurs with

the similar traffic pattern (e.g., morning peak hours on weekdays). For a particular edge at a
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specific time period, the historical and real-time traffic data used in the travel time prediction task
are defined as

e Historical edge traffic flow rates in the same time period,;

o Real-time edge traffic flow measurements in the current or most recent time period.

Based on the two pieces of traffic information, the future traffic volume can be estimated
considering both historical traffic patterns and real-time traffic information. The basic idea behind
Bayesian theorem is that a rational estimate procedure is to update the prior belief with new
information (Hoff, 2009). In the traffic volume prediction task, the historical traffic volume serves
as the “prior” belief, the most recent real-time traffic volume is considered as the “new
information”. The underlying assumption of using the Bayesian method is that many traffic events
are periodically recurrent and traffic flows are also temporally correlated. The traffic flow pattern
in a certain time period is likely to be similar as that happened before in the same time period.
Additionally, real-time traffic flow in the current of most recent time period might also suggest
nonrecurrent traffic incidents that should be considered in the traffic flow prediction.

It is important to note that the equation for Bayesian method depends on the specific
distribution of the data. Here we again consider a mixed traffic flow with uniform and stochastic
vehicle arrivals, which is expressed as

qIT = quIT + q,IT (6.3)
where q,|T is the uniform traffic flow. The uniform flow rate is a constant equal to the expected
flow rate

qu|T = E(qulT) (6.4)
q,|T represent the random/stochastic traffic flow. Here we assume the stochastic vehicle

arrivals can be described using a Poisson distribution expressed as
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q-|T ~ Poisson(A) (6.5)

where 4 = E(q,|T) is the expected stochastic traffic flow rate.

Assume we have observed n, historical traffic flow rates (q;4, ..., q1,) in the time period T
and n, real-time traffic flow rates (q,, ..., g2n,) from the current or most recent time period. Each
traffic flow observation can be broken down into uniform and stochastic flow components, which
is

q1i = Quii T qr1i  1<isSm (6.6)

q2j = Quz2j T Gr2j 1<j<sn

On the uniform flow part, the observed n, historical traffic volumes and n, real-time traffic

volumes all equal to the time conditioned constant traffic volume, which is expressed as

qy; =4y = E(q,|T) 1<i<n,1<j<n, (6.7)
For the stochastic flow component, the joint probability of observing the historical traffic flow

data is

o A9r1i ¥ o
Pty s Gran, | D) = [T e 25 o 2¥0tgmnd (68)
r,1i°

Based on Bayesian theorem, the conditional probability of the Poisson distribution parameter

_ 0(@ratlrang | Dxp(D) 3G, 1 —nad
= X A-riig™m :
p(ll qr,11s ) qr,lnl) p(qr‘ll,---,Qr,inl) *x p(l) A € (6 9)

Thus, the expected traffic flow rate, A = E(q,-|T), follows a distribution with the probability
distribution function including terms like 2'e=<2%. The simplest probability distribution that
includes such terms is the family of Gamma distributions, and the corresponding probability

distribution function is
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p(A) = r(a))l e (6.10)
where «, § are distribution parameters and I'(+) is the Gamma function. The mean and variance of
Gamma distribution is E(1) = a/p and Var(d) = a/p?, respectively. If only based on the

historical traffic data, when we have observed n, traffic flow rates, q, ,,, A follows a

s Qs

Gamma distribution with a; = 2q_,. and 8; = n,. The estimated average occupancy is

r1i

3= E(q,|T) = e (6.11)
Use this as our prior belief of A. In addition to the historical traffic data, if we further observe

n, real-time traffic flow rates g then the posterior distribution of 1 is

21’ " qr,2n2’
PG,y 1) @y g,) X PA) X AXTr2ie™m2h o 117 7Frk ¢ JH0nzjg=nad
oc A(@1+Zdr2/)=1g=(B1+n2)2 (6.12)
This follows a Gamma(a, + Xq,,j, B; + ny) distribution, and the posterior parameter
estimate is

_a1tiqy; 24, 41EIq, )
r [31+n2 nq{+ny

(6.13)

Based on the Bayesian theorem, the posterior estimation of the stochastic flow rate takes a
form of weighted average of historical and real-time data. Combine Equations 6.3, 6.6, 6.7, and

6.13, the time-variant traffic flow rate can be estimated as

2quaitEqu2j  Zqr1itEqrzj
E(qIT) = E(quIT) + E(q,IT) = Z0eatt20ua) | Mot Hrs (6.14)
_ Zq1i+2q2j
- nit+ny

Equation 6.14 expresses the Bayesian based traffic flow prediction as a weighted average of
historical and real-time flow measurements. Here n; and n, are the number of traffic flow rate

observations from historical data and real-time data, but it can be generally interpreted as our “beliefs” in
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historical and real-time traffic. Thus, the number of historical and real-time measurements included in the
prediction can be adjusted according to our belief of the data. For example, for a road with strong traffic
patterns in the past, we might include more historical data and less real-time data to generate robust traffic
flow estimations. For a road with more nonrecurrent traffic incidents, however, we might include more real-
time traffic flow rates to ensure that real-time traffic changes can be sufficiently reflected in the future

traffic flow prediction. Let y = n,/n, denote the Bayesian parameter, the traffic flow prediction can

be further expressed as

E(qIT) = 2 (6.15)

Through adjusting the Bayesian parameter, we can change the belief of the real-time data in the traffic

flow prediction task.

6.2.2  Time-Dependent Shortest-Path Algorithms

As the edge travel time (or edge system cost) is expressed as a time-dependent function, the
individual vehicle navigation problems are essentially a time-dependent shortest-path problem. As
the edge cost varies over time, the cost of each edge is evaluated at the time when the vehicle is
expected to arrive at the edge. In this section, we extend the two classical shortest-path algorithms,
namely the Bellman-Ford algorithm and the Dijkstra algorithm to solve the vehicle navigation
problems under DUE and DSO conditions. The two algorithms were selected because of two major
reasons: 1) both algorithms have been widely studied and practically applied; 2) the two algorithms
represent two typical communication plans in the CVS. Comparison of the two algorithms and
discussion about the communication system design will be presented in Section 6.2.3

For a roadway network represented as a directed graph G (V, E), let V; denote a specific vertex

and E;; denote the directed edge from V; to V;. T; is the time of arrival at V; and tEij|T is the time-
dependent travel time associated with the edge E;;. The Dijkstra based time-dependent shortest-
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path algorithm to find the fastest route (i.e., the route with the minimum total travel time) from the

origin vertex V, to the destination vertex V, is illustrated as the following steps

1.

Initialize the network, set the arrival time to the origin vertex as zero (T;,, = 0) and the
arrival times to all other vertices as infinity (T, = +oo, Vi # 0).

Initialize an empty parent hash map P to store the parent vertex of each vertex. For

example, Py, = i means the V; is the parent vertex of V; (i.e., V; is the immediate upstream

vertex of V; in the selected path).

Initialize the “temporarily visited” group of vertices including the origin vertex, and the
“unvisited” group of vertices including all other vertices. Create an empty group of
“permanently visited” vertices.

Find the vertex V; with the minimum arrival time in the “temporarily visited” group. For

all its unvisited neighbor vertices V;, calculate the conditional edge travel time tEileVi-
Loop through all V;, if we have T, + tEileVi <Ty, then update vertex V; with the new
arrival time Ty; =Ty, + tEileVi and update the parent hash map with Py, =V;. Move V;
into the “temporarily labeled” group.

Move V; into “permanently labeled” group.

Repeat steps 4-6 until the destination vertex Vj, is in the “permanently visited” group. The

shortest path can then be found through tracing the parent vertex from the destination all

the way back to the origin.

Compared with the traditional shortest-path algorithm, the revised dynamic shortest-path

algorithm has an additional step of updating the edge travel time conditioned on the cumulative

travel time calculated from previous steps. The conditional edge travel time can be estimated using
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the Bayesian function derived in the previous section given that CVs can access both historical
and real-time traffic data.
An alternative navigation solution is the Bellman-Ford based time-dependent shortest-path

algorithm. When the optimal path is found, the system must satisfy the following set of equations

Ty, = min (Ty, + ts,ITy,), 10 (6.16)
Ty, =0

Basically the time of arrival to any vertex equals to the earliest time when the vertex can be
reached from its neighboring vertices. Such a condition can be reached using a successive

approximation approach illustrated as

1. Start with an initial sequence of arrival times {Tlff’)} Set the initial arrival time to the
origin vertex as zero (T‘fg) = 0) and initial arrival time to all other vertices as infinity
(TyY = +00,Vi # 0).

2. Initeration k, evaluate the time-dependent travel time tEﬁlTIf;“l) for all edges.

3. Update the arrival times T, = min (Tlfj,“l) + tEjl.|TV(j_“1)) and T,* = 0.

4. Repeat steps 2-3 until the result converges.

Note that the edge travel time is infinity if a direct edge does not exist from a pair of vertices.
Compared with the static Bellman-Ford algorithm, the time-dependent algorithm has an extra step
of edge travel time prediction (step 2). Additionally, the revised algorithm searches for the optimal
path in the reverse order (i.e., starting from the origin) so that travel time can be updated following

the travel direction.
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The convergence of the algorithm is ensured by the FIFO assumption. Basically the earlier
arrival at any vertex will guarantee earlier arrival to any of its neighbor vertices if traveling from

the vertex. Mathematically, the FIFO assumption can be expressed as

(19 < T¥ P = 100 4t 1T < 187 5 I157Y), ik
] J ] Jt ] J Jt ]

The system optimum dynamic navigation algorithm aims to find the route with the minimum
system cost. Edge travel times, however, is still required to determine when the time-dependent
edge system costs need to be evaluated. Thus, the time-dependent shortest-path algorithms need
to calculate both travel time and system cost in the path searching process.

For the same network representation, let T;; denote the cumulative system cost at V; and
tsy; |T is the time-dependent system cost associated with E;;. The Dijkstra based algorithm to find
the shortest path from V,, to V;, for DSO navigation is illustrates as

1. Initialize the network, set the cumulative system cost to the origin vertex as zero (T, =

0) and the cumulative system costs to all other vertices as infinity (T, = 4+, Vi # 0).
Set the arrival time to the origin vertex as zero (T, = 0)

2. Initialize an empty parent hash map P to store the parent vertex of each vertex.

3. Initialize the “temporarily visited” group of vertices including the origin vertex, and the
“unvisited” group of vertices including all other vertices. Create an empty group of
“permanently visited” vertices.

4. Find the vertex V; with the minimum cumulative system cost in the “temporarily visited”

group. For all its unvisited neighbor vertices V;, calculate the conditional edge travel time

tEl-leVi and the conditional edge system cost tS_Eij|TVi.
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5. Loop through all V;. If we have Ty, + ts,EileVi <Tsy; then update vertex V; with the
new cumulative system cost Tsy, = Tsy, + ts,EileVi and new arrival time Ty, =Ty, +
tEileVi- Update the parent hash map with Py, =V;. Move V; into the “temporarily
labeled” group.

6. Move V; into “permanently labeled” group.

7. Repeat steps 4-6 until the destination vertex V}, is in the “permanently visited” group. The
shortest path can then be found through tracing the parent vertex from the destination all
the way back to the origin.

Following the same notations, the Bellman-Ford based time-dependent shortest-path

algorithm to find the system optimal route in DSO conditions includes the following steps

1. Start with an initial sequence of cumulative system costs {Ts(?,)l} Set the cumulative
system cost to the origin vertex as zero (TSE‘;)O = 0) and the cumulative system costs to all
other vertices as infinity (TSE‘;)i = +o0,Vi # 0). Set the arrival time to the origin vertex as
zero (Tv(g) = 0) and arrival times to all other vertices as infinity (TV(?) = +oo,Vi # 0).

2. In iteration k, evaluate the time-dependent edge travel time tEﬁ|TI§;‘_1) and system cost
tS,Eﬁ|T‘§;‘"1) for all edges.

3. Update the cumulative system costs TS(,’;Z = 1}1;{1 (Ts(l';jfl) + tS,Eﬁ|TV(;"‘_1)). Let j* denote
the vertex index that gives the minimum cumulative system cost, also update the arrival

time as Tﬂ"‘) = T‘f'ffl) tig, |T‘§'ff1). Set the arrival time and cumulative system cost to
t J J

i

the origin vertex both as zero (Ty) = T}) = 0).

4. Repeat steps 2-3 until the result converges.
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In both the Dijkstra and Bellman-Ford based DSO navigation algorithms, the cumulative
system cost (Tsy,) is used as the key variable used in the shortest-path searching. While the system
cost is being updated, the arrival times to the corresponding vertex is updated accordingly to keep

track of the vehicle trajectory.

6.2.3  Communication System Design

The last section introduces the extensions of two classical shortest-path algorithms (Dijkstra
and Bellman-Ford algorithms) to solve the time-dependent vehicle navigation problem. Both
algorithms are developed based on the information exchange capability of the CVS. Specifically,
the dynamic navigation algorithms require network traffic states being collected and predicted by
RSUs, and vehicles getting such information through V21 communication. Although this study
focuses on testing the algorithms in a microsimulation environment rather than implementing the
algorithms in practice. It is still important to understand practical requirements and limitations
from the algorithm implementation perspective. This section will briefly discuss important
concerns related to developing a supporting communication system for the two typical navigation
algorithms.

From the computation perspective, Dijkstra’s algorithm stores the vertices in a sorted/priority
order so that the shortest-path searching is more efficient. In the contrast, the Bellman-Ford
algorithm consider all possible paths between vertices in each iteration, and the number of
iterations required before the result converges increases with the network complexity. Thus,
Dijkstra’s algorithm is commonly known to be faster than the Bellman-Ford algorithm.

From the application perspective, however, other concerns like communication load and
system design need to be carefully evaluated. As Dijkstra’s algorithm keeps a sorted/priority list

of vertices for fast shortest-path searching, the computational efficiency is actually achieved at the
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cost of storing the entire network information at one place. This may lead to high data load in
certain part the communication network. Figure 6.1 illustrates a typical communication system for
the Dijkstra based navigation algorithm. To gather enough information for time-dependent
shortest-path calculation, the CV needs to talk to all RSUs in the road network. This will result in
high communication load on the CV side. Additionally, the navigation distance is limited by the
range of V21 communication. Due to these practical reasons, such a communication system is not
preferred for implementation. But it could be potentially improved by aggregating RSU data at

certain level or utilizing V2V data sharing to reduce the amount of V21 communication needed.

Figure 6.1. Communication system design for Dijkstra based navigation algorithm (without a

cloud central database).

An alternative communication system to support the Dijkstra based navigation algorithm is
illustrated in Figure 6.2, where a cloud central database is established and will communicate with
both CVs and RSUs to build the data flow. In such a communication system, CVs do not directly
talk with RSUs. Rather, the V2 communication is developed through the central database. The

network traffic data collected from RSUs are aggregated by the central database and then sent to
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CVs per each navigation request. Compared with the previous system design, this will certainly
reduce the communication load on the CV side. The navigation distance is also not restricted by
the communication range. Such a communication system is similar to that of the existing mobile-
based map service applications, except that the traffic data are collected by RSUs rather than probe
vehicles. Given the dynamic traffic states and frequent interaction between CVs and RSUs,
however, the central database will become the focal point of data computation and communication.
It is expected that extra cost will be generated in building and maintaining the central database,

which could be a potential practical limitation of implementing such a system.

]
- [
A A ’

Figure 6.2. Communication system design for Dijkstra based navigation algorithm (with a cloud

central database).

Figure 6.3 shows the typical communication system to support the Bellman-Ford algorithm.

In this system design, each CV only needs to send the navigation request to its nearby RSU, and
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each RSU will communicate with the neighboring RSUs to disseminate the navigation request and
update travel costs. Compared with the Dijkstra based algorithm, the Bellman-Ford based
algorithm has the communication load more evenly distributed throughout the entire network.
Recall that the Bellman-Ford algorithm requires several iterations to find the shortest-path. The
total amount of communication requirement for the Bellman-Ford algorithm is not necessarily
lower than that required by the Dijkstra based algorithm. To further improve such a system,
communication between RSUs can potentially be integrated so that the same information can be
shared with different CVs with similar navigation requests. Additionally, one may consider
limiting the number of iterations to improve the computation speed at the cost of slightly reducing
the result accuracy. Some other shortest-path searching techniques (e.g., map partitioning) may

also be applied to improve the computational efficiency of the Bellman-Ford based algorithm.

a1 s s

Figure 6.3. Communication system design for Bellman-Ford based navigation algorithm.

Note that in this study, two algorithms do not have significant performance difference because
the studied network is relatively small with a finite number of road links. Thus, we only briefly

mention the practical concerns in this section without further efforts to quantify the difference
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between algorithms. In the algorithm tests, both methods can give accurate shortest-path results

and we will focus on analyzing the travel time impact of the dynamic navigation algorithms.

6.3 COORDINATED NAVIGATION MECHANISM

According to the definition of DUE and DSO conditions, the optimal path is conditioned on
route choice decisions of all other vehicles. In the time-dependent shortest-path searching,
however, this can only be achieved if CVs can receive real-time route choice decisions from other
vehicles. In this section, we will introduce a coordinated navigation mechanism to allow CVs share
their real-time route choice decisions in the navigation process.

Instead of relying on V2V communication to share route choice decisions among CVs, this
study will store CV route choices in RSUs so that it can be accessed by all CVs in real-time. Recall
that in the dynamic navigation framework, an individual CV will first send the navigation request
to and obtain network traffic states from RSUs. Thus, it is intuitively straightforward to update the
network traffic states to include the CV once the optimal path is identified. Specifically, one unit
of traffic flow will be added to the edges in the selected path following the expected CV trajectory.
Following this method, the CV’s route choice decision will be incorporated in the time-dependent
network traffic states, which will be utilized by all subsequent vehicles to find the conditional
optimal path.

The coordinated navigation mechanism is implemented by a sequential updating approach in
the sense that CVs will sequentially make their route choices. Specifically, the navigation
mechanism can be illustrated in the following steps

1. Estimate the node and link travel time based on the real-time traffic conditions.

2. For one single CV, locate its current position and find its immediate downstream vertex

;. Update its route as the time-dependent shortest-path from V; to its destination V.
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3. Update network traffic states based on the new CV’s route choice.

4. Repeat steps 1-3 and loop through all CVs until all vehicles do not change their optimal

routes.

The key procedure in the coordinated navigation mechanism is that in each iteration only one
CV will update its route choice. Compared to the case when all CVs change routes simultaneously,
the proposed mechanism requires less computational resources. Additionally, each CV will
identify its optimal route based on previous processed CVs as reflected by the updated network
traffic conditions. The sequential updating approach will avoid all CVs making the same route
choice, and hence avoid traffic fluctuations in the equilibrium state.

Following the coordinated navigation mechanism, in the equilibrium state every CV chooses
the optimal route based on all other CVs’ route choice decisions. This is essentially the desired
DTA conditions (i.e., DUE or DSO) from the network perspective. The convergence of the
sequential updating navigation mechanism is proved in the static traffic assignment case (Du et
al., 2015a). In this study, we assume the convergence still holds for the dynamic traffic assignment
case. The complete assumption is stated as

If all vehicles sequentially navigate towards the time-dependent individual/system optimal

route, the dynamic traffic assignment will converge to the DUE/DSO state.

Note that here the DTA equilibrium conditions are based on the real-time and predicted traffic
states. To further utilize the future traffic data, CVs will also adaptively update their route choice
decisions when new traffic data are collected. The coordinated navigation mechanism might need
to loop through all CVs several rounds to finally reach an equilibrium dynamic traffic assignment.
However, given the changing traffic states and traffic forecasting errors, the DTA equilibrium

conditions will likely also vary with time. Thus, it is computationally inefficient to achieve the

93



exact equilibrium state at every instant of time. A practical and potentially more efficient way is
the adaptive coordinated navigation mechanism illustrated as follows

1. Sequentially update all CVs’ route choice decisions using the coordinated navigation

mechanism;

2. Once new traffic data are collected and processed, repeat step 1 and loop through all CVs

just once.

The adaptive coordinated navigation mechanism assumes that traffic data are collected and
processed at short time intervals, so that CVs can adaptively update their route choice decisions
frequently. At each time interval when network traffic states are updated, we only loop through all
CVs once. Although the resultant traffic assignment is not necessarily in the equilibrium state,
through frequently updating CVs’ route choice decisions based on real-time traffic data, the
coordinate navigation results will approximate the equilibrium in a dynamic way.

Note that the coordinated navigation mechanism does not necessarily need extra
implementation effort. In the real-world traffic environment, vehicles will start trips and request
traffic information at different times. Thus, the route choices will naturally be sequentially

determined and shared by different vehicles.
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Chapter 7. VISSIM NAVIGATION MODULE

One of the major objectives of the study is to test the CV based navigation algorithm in a
microscopic simulation environment. Although previous studies have developed simulation-based
approaches to evaluate different DTA strategies, majority of the studies have been relying on
numerical simulation models or analyzing at the mesoscopic scale. This study will build the vehicle
navigation algorithms in a microscopic vehicular simulation platform. Specifically, this study
developed a vehicle navigation module utilizing the application programming interface (API) in
VISSIM, which is a widely used commercial simulation tool for microscopic traffic modeling and

analysis.

7.1 INTRODUCTION TO VISSIM

VISSIM is a leading microscopic simulation software utilized by different users worldwide
including research institutes, consulting companies, and public sectors (PTV, 2016a). It allows
multimodal transportation modeling and operation analysis at detailed vehicular level, and thus
have been deployed in numerous locations to answer various issues such as transportation

planning, traffic control and management, and environmental impact.

7.1.1 Simulation Model

This study will utilize the VISSIM model of downtown Bellevue provided by the City of
Bellevue. Detailed introduction of the VISSIM model can be found in Chapter 3. The network
geometrics and traffic characteristics have been established and calibrated by the City of Bellevue
and are thus used consistently without change in this study. Specifically, such information includes

e Road geometrics: link length, curvature, number of lanes, etc.
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e Driving behaviors: designed speed, car-following model, accelerations/decelerations, etc.

e Intersection geometry: stop signs, conflict areas, priority rules, detector locations, etc.

e Traffic signals: signal control type, signal phasing/timing, etc.

In addition to the basic simulation model, hourly traffic count from midday off-peak period
has also been collected and provided by the City of Bellevue. These data have been used as the

background traffic in the simulation analysis.

7.1.2  VISSIM COM API

The development of the CV based navigation module is supported by the VISSIM Component
Object Model (COM) API. COM provides data access to VISSIM objects, methods, and results,
which can be adjusted or evaluated during or before/after simulation (PTV, 2016b). Additionally,
COM supports a wide variety of languages (e.g., VBA, C, C++, MATLAB, and Python). Users
are allowed to develop their own functions and applications which interact with COM objects to
achieve different traffic control and operation purposes.

According to the COM API manual, VISSIM model objects that can be accessed in COM
API are organized in a hierarchical structure, as shown in Figure 7.1. The highest-ranking object
is IVissim, which must be called to access any sub-objects in the structure. INet is an important
object including all sub-objects related to the model network (e.g., links, intersections, and vehicle
input). VISSIM model parameters can also be accessed through the corresponding category (e.g.,

ISimulation contains simulation parameters that can be adjusted through COM API).
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IGraphics

Figure 7.1. VISSIM COM object hierarchy.

IPoints3D |

This study developed a Python program to achieve the CV based navigation algorithms in the
COM API. The program is integrated into the VISSIM model as a navigation module to
dynamically navigate connected vehicles. During a simulation run, the navigation module will
interact with a number of COM objects to achieve real-time data collection and coordinated

navigation decisions.

7.2 VISSIM OBJECTS AND PARAMETERS

This section introduces major VISSIM objects and parameters that are used in the navigation
module. Majority of the VISSIM network objects and model parameters have corresponding COM

objects and attributes that can be accessed in the COM API.
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7.2.1  Vehicle Inputs

Vehicle inputs are placed at the start points of road links and specify traffic flows that enter
the studied network from different locations. Three groups of vehicle inputs are added to the
simulation model, namely the background traffic, non-connected vehicles, and connected vehicles.
To consider traffic flow randomness in the simulation experiment, all vehicle inputs assume the
traffic volume type to be stochastic.

The background vehicle inputs are set up based on the hourly vehicle counts provided by the
City of Bellevue. The background traffic also includes two percent of heavy goods vehicles
(HGVs). Non-CV and CV vehicle inputs are added to the model at the corresponding route origins.
Here we assume that all non-CVs and CVs are passenger cars. In the simulation experiments,
different levels of traffic flow rate and CV penetration will be tested, and the non-CV and CV

vehicle input values will be adjusted accordingly before simulation runs.

71.2.2 Travel Time Measurement

Real-time traffic volume and travel time collection is an important task in the CV navigation
framework. In VISSIM, such data can be obtained using vehicle travel time measurements. Figure
7.2 shows an example vehicle travel time measurement in VISSIM. A vehicle time measurement
consists of one start bar and one end bar. This study collects link-based travel time, and thus the
start and end bars are placed at start points of different road link (note that the end bar of a travel
time measurement is placed at the start of one downstream link). Every time a vehicle passes the
start and end bar, the travel time in between is collected. In this fashion, the travel time vehicles
spent at an intersection area will be included in the upstream link travel time. The average travel
time and number of vehicles will then be aggregated by vehicle class and data collection interval
defined in the evaluation parameters.
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As illustrated in Figure 7.2, one road link typically needs three travel time measurements
(assuming a four-way downstream intersection) to collect left-turn, through, and right-turn traffic,
respectively. The collected vehicle counts and travel time data can be analyzed separately or
aggregated to evaluate the overall link performance. In the studied network, majority of the traffic
signals have a shared signal phase for both left-turn and through movements. Thus, the travel time
and vehicle counts in different movements are aggregated at the link level for link performance
modeling and real-time traffic data collection. By default, vehicle travel time measurements will
collect the total vehicle count and average travel time for all vehicle classes. But the results can
also be aggregated by vehicle class if the corresponding VISSIM evaluation parameter is properly

specified.

Figure 7.2. An example VISSIM vehicle travel time measurement.

Before testing the navigation algorithms, the vehicle travel time measurements have been used
to collect traffic volume and average travel time at different links (and downstream intersections)

under various levels of traffic input. The simulation results were then used to learn the relationship
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between link travel time and traffic flow rate (i.e., the link cost function). Details about the link

cost function estimation can be found in Section 4.4.

7.2.3  Vehicle Routing Decisions

In VISSIM, vehicle movements are controlled by vehicle routing decisions. VISSIM provides
two major types of vehicle routing decisions: static and dynamic vehicle routing decisions. Static
vehicle routing decisions are placed at fixed locations and give the traffic flow distribution as
relative flows for different movements. Dynamic vehicle routing decisions, in the contrast, has a
built-in DTA model to distribute the network traffic flow to a number of alternative routes. The
dynamic traffic assignment is determined using an iterative approach. The network is simulated
multiple times and drivers are allowed to choose their paths based on the driving experiences in
the preceding simulation. Such an approach is effective in calculating the theoretical optimal traffic
assignment and provide insights for traffic planning and management. But the built-in DTA model
is not a practical method as real-world drivers will not actually experience several different routes
before selecting their path. Recall that this study developed a customized dynamic vehicle
navigation methodology to approximate DTA equilibrium conditions through real-time
communication in the CVS. Thus, instead of relying on the built-in DTA model, this study uses
static vehicle routing decisions and dynamically change the relative flow distribution using COM
API functions to achieve dynamic traffic assignment results.

Figure 7.3 shows an example static vehicle routing decision in the VISSIM model. One static
vehicle routing decision typically consist of one start bar (i.e., the red bar) and several end bars
(i.e., the green bars) corresponding to different routes, respectively. Once a vehicle passes the start
bar, it will select one of the routes with probabilities derived from the relative flow rate. Note that

as the route choice is decided for each discrete vehicle, the final traffic flow distribution will not
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be exactly equal to the relative flow rates. Instead, the relative flow values give an overall share of
different route choices during the simulation run. As illustrated in the figure, the static vehicle
routing decisions are placed at intersections, and each route corresponds to a particular movement
(e.g., left-turn, through, or right-turn movement). Note that to ensure sufficient distance for
vehicles to switch lanes, the start bar of the static vehicle routing decision needs to be placed near

the start of the link.

Vehicle Routing | Route | Destination Link Destination Position | Relative Flow
Decision No (ft) (veh/h)

55 1 | 26: 110th Avenue NE 72.0
55 2 | 72: NE 8th Street 46.9 1192.0
55 3 | 97: 110th Avenue NE 43.0 95.0

Figure 7.3. An example VISSIM static vehicle routing decision.

The static vehicle routing decisions can also be set to only apply to a certain type of vehicles.
Thus, three static vehicle routing decisions are placed at each approach for each intersection: one
for background traffic, one for non-CVs, and one for CVs. For background traffic, the relative
flows will be set equal to the vehicle counts of different movements at each intersection. For non-
CVs, the relative flows will be set based on route choice decisions calculated from the static

navigation algorithm. For CVs, the relative flows will be periodically updated based on dynamic
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navigation methods developed in COM API. Let rf,.4 ,(T) denote the relative flow for CV static
vehicle routing decision rd_cv at time T, the dynamic relative flow can be calculated using the

following equation

rfrd_cv(T) = Zve{CV} ZPard X5 ) H(T < Turd‘w <T+ AT) (7-1)

: rd_cv
H(TSTvrd_cv<T+AT):{1 1fTST.v <T+AT
0 otherwise

where {CV} is the collection of all CVs. xF is the vehicle route choice decision as previously
defined. T7%-Y is the expected arrival time at rd_cv (which equals to the corresponding edge

arrival time). AT is the data collection and navigation updating interval.

7124 Basic Parameters

In addition to network objects, COM API also allows access to basic VISSIM environmental
parameters. Basic parameters that will be adjusted in the navigation module fall into two major
categories: simulation and evaluation parameters. These parameters will be set as needed before
simulation runs to apply different data collection plans and test the navigation algorithms in a
variety of traffic conditions.

Table 7.1 lists basic VISSIM parameters that are adjusted in the navigation module using
COM API functions. For simulation parameters, SimPeriod controls that each simulation run lasts
for 2 hours (7200 seconds). Specifically, the first hour is generally considered as the “warm-up”
period while the actual simulation results are collected during the second hour. The one-hour
warm-up period is widely used by consulting companies and transportation agencies as an
industrial practice. For the studied network, however, the network should be sufficiently warmed-
up if the warm-up period is longer than fifteen minutes as the average travel time through the entire

network is smaller than 10 minutes.
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Random seed will be set before each simulation using the RandSeed COM attribute. For each
model input, ten different random seeds will be used to obtain repeated results with variation. The
NumRuns attribute can be used to repeatedly run the same simulation with different random seeds.
In this study, as we need to dynamically adjust vehicle navigation decisions in each simulation,
this function is not used and NumRuns is set as one. During a simulation, breakpoint can be set
using the SimBreakAt attribute so that simulation will pause for collecting data and updating
vehicle routing decisions. Note that when simulation stops at a breakpoint, network conditions
(e.g., traffic signal states, vehicle locations and speed, etc.) will hold until the simulation resumes.
In the simulation experiments, break points were set at 300 second intervals so that the vehicle

navigation decisions are updated every five-minute.

Table 7.1. Basic VISSIM Parameters Adjusted in the Navigation Module

COM Attribute Parameter Parameter Description Parameter
Type Value
SimPeriod Simulation Total simulation seconds 7200
RandSeed Simulation Random seed Vary
NumRuns Simulation Number of simulation runs 1
SimBreakAt Simulation Breakpoint simulation will stop at 300 intervals
VehClasses Evaluation Vehicle classes that travel time results Non-CV, CV, All

will be aggregated by
VehTravTmsCollectData  Evaluation Whether to collect the vehicle travel 1 (true)

time data
VehTravTmsFromTime Evaluation Start of the vehicle travel time data 0 (from the start
collection period of the simulation)
VehTravTmsToTime Evaluation End of the vehicle travel time data 99999 (to the end
collection period of the simulation)
VehTravTmsinterval Evaluation Time intervals that vehicle travel time 300

results will be aggregated by

Evaluation parameters control how the simulation results are collected and organized.
Specifically, the navigation module requires vehicle count and travel time collected by vehicle

travel time measurements. The VehClass attribute can be specified as a list of vehicle classes the
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simulation results are aggregated by. As we will analyze detailed navigation effects on each vehicle
class, the VehClasses attribute is set to aggregate results by non-CVs, CVs and all vehicles. The
data collection period can be specified by the VehTravTmsFromTime and VehTravTmsToTime
attributes. In this study, the traffic data are collected during the entire simulation, but only the second
hour data will be used for result analysis. The vehicle count and travel time result can also be
aggregate by time interval as specified by the VehTravTmslInterval attribute. As the navigation module
will update vehicle routing decisions on five-minute basis, the traffic data will also be aggregated by 300-
second intervals so that the most real-time data can be utilized.

In addition to the above-mentioned parameters, some other parameters (e.g., simulation speed,
result format) are also specified to set up the basic simulation environment. In this section, we do
not further introduce those parameters as they are not necessarily related to the navigation module

framework.

7.3 NAVIGATION FUNCTIONS

This section will introduce navigation functions that compute time-dependent shortest-paths

for individual vehicles.

7.3.1 Data Structure

As illustrated in Chapter 6, the shortest-path searching is performed on a directed graph
representing the roadway network. In the navigation module, the directed graph is defined using
the Python class structure. Upon initialization, a graph class has three basic instance objects

e Vertices — a list of vertices in the graph

e Edges — a list of edges in the graph

e Neighbors — a hash map providing the list of neighbor vertices for each vertex
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While Vertices can be simply stored using the node number, Edges in a directed graph have
a number of attributes to support the navigation calculation, such as the start/end node, link length,
traffic flow, and link user/system cost. Note that Neighbors can be derived from Vertices and
Edges. Here we pre-process and store Neighbors upon initialization of the graph to facilitate the
computation speed of navigation methods.

Before navigation, vehicles will obtain network traffic information (e.g., from travel time
measurements) and build a directed graph of the downtown Bellevue street network. In addition
to the instance objects, the directed graph also has multiple navigation methods to be used by

different classes of vehicles.

7.3.2  Navigation Methods

This study specifically considers three types of navigation algorithms: static navigation, DUE
navigation and DSO navigation. Each algorithm corresponds to a navigation method in the graph
class. This section will introduce the navigation methods using pseudo code which basically
implements the algorithms introduced in Chapter 6.

Non-CVs do not have access to the real-time traffic data. The optimal path with the minimum
total travel time is computed at the start of the trip based on the historical traffic data (i.e.,
background traffic in this study). Thus, all non-connected vehicles will choose the same path as
they use the same set of historical data. The static navigation method used by non-CVs can be
implemented following classical shortest-path algorithms. Specifically, this study applies
Dijkstra’s algorithm and the Bellman-Ford algorithm for non-CV navigation. Dijkstra’s algorithm

can be implemented using the following pseudo code

Initialization:
Set the arrival time to the origin vertex as zero, i.e., Ty, =0
Set arrival times to other vertices as infinity, i.e., Ty, =+,i# 0
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Create an empty parent hash map, i.e., Py, =none

Create a “temporarily visited” list of vertices, i.e., Liemp = {Vo}
Create a “permanently visited” list of vertices, i.e., Lyerm ={}
Create an “unvisited” list of vertices, i.e., Ly, ={V,i+ 0}

Shortest path searching:
While Vp not in Lyerm
Find V; in Liepmp where Ty, is the smallest
For V; in neighbors of V; and V; not in Lyerm
If Ty, + tg;; < Ty,
Update TV]. =Ty, + teyj
Set the parent vertex of V;, i.e., PVi:‘G
Remove V; from L.,
Add V; to Liemp
End if
End for
Remove V; from Liem,
Add Vi to Lperm

Output the shortest path:
Initialize the list of path vertices Lyqm = {Vp}
While the leftmost vertex of L,um, Vi, is not Vp
Append Py, to the left of Ly
Lpqtn contains all vertices in the shortest path in order

As an alternative method, the Bellman-Ford algorithm can be implemented using the

following pseudo code

Initialization:
Start with initial arrival times {Tﬁ?}. Set 752)::0 and Tﬁ? =+00,i# 0
Create an empty parent hash map, i.e., Py, =none
Initialize iteration counter k=0

Shortest path searching:
Start loop
k=k+1
For V; in all vertices {V;}
set Ty =T,
For V; in neighbors of V;
(k-1) (k)
If TV]_ +itpy; <Ty,
(k) _ p(k-1)
Update Ty, =Ty, " +tp
Set the parent vertex of V;, i.e., Py, =V;
End if
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End for
Set Ty =0
If Zi(Téf)—-Téf_D) < tolerance
Break loop
End loop

Output the shortest path:
Initialize the list of path vertices Lyqp = {Vp}
While the leftmost vertex of L,um, Vi, is not V,
Append Py, to the left of Lyuum
Lpqtn contains all vertices in the shortest path in order

CVs have access to both historical and real-time traffic data and uses dynamic navigation
methods based on time-dependent shortest-path searching. The DUE navigation method targets to
find the route with the minimum user travel time. This study also provides two alternative DUE
navigation methods by extending the classical Dijkstra’s algorithm and the Bellman-Ford
algorithm. The Dijkstra based DUE navigation algorithm can be implemented using the following

pseudo code

Initialization:
Set the arrival time to the origin vertex as zero, i.e., Ty, =0
Set arrival times to other vertices as infinity, i.e., Ty, =+m,i#0
Create an empty parent hash map, i.e., Py, =none
Create a “temporarily visited” list of vertices, i.e., Liemp = {Vo}
Create a “permanently visited” list of vertices, i.e., Lperm ={}
Create an “unvisited” list of vertices, i.e., Ly, ={V,i# 0}

-

Shortest path searching:
While Vp not in Lyerp
Find V; in Liemp where Ty, is the smallest
For V; in neighbors of V; and V; not in Lpemm
Estimate the time-dependent edge cost t&AT}i
If Ty, + tEi].|TVl. < TV]_
Update TV]. =Ty, + tEileVi
Set the parent vertex of V;, i.e., PVi::w
Remove V; from L.,
Add V; to Liemp

End if
End for
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Remove V; from Liemy
Add Vi to Lperm

Output the shortest path:
Initialize the list of path vertices Lyqp = {Vp}
While the leftmost vertex of L,um, Vi, is not V,
Append Py, to the left of L,
Lpqtn contains all vertices in the shortest path in order

As an alternative method, the Bellman-Ford based DUE navigation algorithm can be

implemented using the following pseudo code

Initialization:
Start with initial arrival times {Tﬁ?}. Set 7§g)::0 and Tﬁ? =+40,i # 0
Create an empty parent hash map, i.e., Py, =none
Initialize iteration counter k=0

Shortest path searching:
Start loop
k=k+1
For V; in all vertices {V;}
Set T, =TV
For V; in neighbors of V;
Estimate the time-dependent edge cost tEjJ7§f_D
(k-1) (k-1) (k)
IFT@ +tﬁJnU <Ty,
k) _ p(k-1) (k—1)
Update T, =Ty, 4—tEjJ7;j
Set the parent vertex of V;, i.e., Py, =V;
End if
End for
Set Ty¥ =0
If Zi(Téf)—-Téf_D) < tolerance
Break loop
End loop

Output the shortest path:
Initialize the list of path vertices Lyqp = {Vp}
While the leftmost vertex of Lyum, Vi, is not Vp
Append Py, to the left of Lyuup
Lpaen contains all vertices in the shortest path in order
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CVs that target to minimize the total system cost will utilize the DSO navigation algorithm to
find the optimal path. Here the optimal path is defined as the path with the minimum system cost
(or marginal cost). Similar to the DUE navigation, two DSO navigation methods are provided by
extending classical shortest-path algorithms. The Dijkstra based DUE navigation algorithm can be

implemented using the following pseudo code

Initialization:
Set the cumulative system cost to the origin vertex, i.e., Tsy, =0
Set cumulative system costs to other vertices, i.e., Tyy, = +,i # 0
Set the arrival time to the origin vertex, i.e., Ty, =0
Create an empty parent hash map, i.e., Py, =none
Create a “temporarily visited” list of vertices, i.e., Liemp = {Vo}
Create a “permanently visited” list of vertices, i.e., Lyerm ={}
Create an “unvisited” list of vertices, i.e., L,, ={V,i# 0}

Shortest path searching:
While Vp not in Lyperm
Find V; in Liepm, where Ty, is the smallest
For V; in neighbors of V; and V; not in Lyerm
Estimate the time-dependent edge cost t&AT}i
Estimate the time-dependent edge system cost t&EAY}i
If Tsy, +tsg, 1Ty, < Tsy,
Update Ts,vj =Tsy, + tS,EileV,-
Update TV]. =Ty, + tEi].|TVl.
Set the parent vertex of V;, i.e., PVizlq
Remove V; from L.,
Add V; to Liemp
End if
End for
Remove V; from Liem,
Add Vi to Lperm

Output the shortest path:
Initialize the list of path vertices Lyqp = {Vp}
While the leftmost vertex of Lyum, Vi, is not Vp
Append Py, to the left of Lyuup
Lpaen contains all vertices in the shortest path in order
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As an alternative method, the Bellman-Ford based DSO navigation algorithm can be

implemented using the following pseudo code

Initialization:
Start with initial cumulative system costs {Tﬁ%}
Set 7)) =0 and T} = +o0,i # 0
Start with initial arrival times {Tﬁ?}. Set 7§g)==0 and 7&? =+400,i # 0
Create an empty parent hash map, i.e., Py, =none
Initialize iteration counter k=0

Shortest path searching:
Start loop
k=k+1
For V; in all vertices {V;}
(k) _ p(k-1)
Set TS,V{ - TS,Vi
For V; in neighbors of V;
Estimate the time-dependent edge system cost t&EjJ7§f_D
k- k- k
I-F TS(,V] 1) + tS,E]llTV(] 1) < TS(,V)l
Update 7§§3::T§§;D-+t&EjJ7§f_£
Set the parent vertex of V;, i.e., Py, =V;
Estimate the time-dependent edge cost tEjJTﬁf_”
(k) _ p(k-1) (k-1)
Update Ty, -7;j +—tEjJ7}j
End if
End for
set T =0
0
set T =9

s,Vo
If Zi(Téf)—-Téf_D) < tolerance
Break loop
End loop

Output the shortest path:
Initialize the list of path vertices L,umn = {Vp}
While the leftmost vertex of L,um, Vi, is not Vp
Append Py, to the left of Ly
Lpatn contains all vertices in the shortest path in order

The output of the navigation method is a list of vertices in the identified optimal path. Such

information will be used to update vehicle routing decisions in the VISSIM model. Additionally,
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CVs will send their route choices to RSUs which can update the predicted edge travel time and
system cost. Thus, following CVs will anticipate the flow change and choose their optimal path
conditional on previously processed CVs.

For non-CVs, the static navigation method will be called only once at the start of the trip, and
the navigation decision will not change during the trip. For CVs, the dynamic navigation methods
will also be called periodically (e.g., every five-minute) so that the optimal path can change
adaptively with the real-time traffic conditions. Recall that in VISSIM, the vehicle movement is
collaboratively determined by static vehicle routing decisions. Although the navigation method
computes the optimal path for each CV, the route choice results are aggregated as relative
movement flows to update the vehicle routing decisions at each intersection. From the macroscopic
perspective, the network traffic flow distribution is ensured to be consistent with CV navigation
results. But on the individual vehicle level, each CV does not necessarily follow the optimal path
it identified. By using VISSIM vehicle routing decisions to update CV navigation results, we
assume that CVs are interchangeable if they arrive at the same intersection during the same short
period of time. Such an assumption will certainly constrain the model’s usefulness in vehicle-level
analysis but will not influence the network-level analysis results (e.g., network traffic assignment,

average/total travel time and system cost).

7.4 NAVIGATION MODULE STRUCTURE

The navigation module is built in a Python program which connect to the VISSIM COM API
through the PyWin32 extension. Figure 7.4 shows the overall structure of the VISSIM navigation
model. In each step of the framework, the navigation model will utilize corresponding COM
objects to complete the task (e.g., set parameters, collect data, update routing decisions, etc.). As
non-CVs use historical data to navigate, their routing decisions will be set before the start of the
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simulation. During the simulation, traffic data collection and CV navigation will be conducted in
parallel at five-minute intervals. Note that CVs will sequentially navigate and communicate route
choice decisions following the coordinated navigation mechanism introduced in Section 6.3. The
CV routing decision objects in the VISSIM model will then be updated based on the combined CV

navigation results.
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Figure 7.4. Structure of the VISSIM navigation module.
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Although the vehicle navigation functions can be executed in real-time, the execution speed
of the navigation module is mainly constrained by COM objects. Due to the hierarchical structure
of VISSIM COM objects, all objects are sub-objects of the top-level object (i.e., IVissim). Thus,
COM objects must be accessed or updated one at a time. For example, it is impossible to directly
read the network traffic data as a table. Instead, the vehicle count and average travel time for each
travel time measurement object must be read separately. The same procedure also applies when
updating the vehicle routing decisions. Thus, simulation breakpoints at five-minute intervals are
also established to ensure sufficient time for collecting data and updating vehicle routing decisions.

In the simulation experiments, five-minute (300 simulation seconds) is selected as the data
collection and navigation updating interval. One of the key reasons is to balance the navigation
frequency and execution speed. Due to the COM API structure, collecting real-time traffic data
and updating vehicle routing decisions will typically take a couple minutes for the studied network
size. Additionally, aggregate traffic data (i.e., vehicle count and travel time) by five-minute
interval will also help reduce the impact of stochastic traffic fluctuations. If the data collection
interval is too short, for example, the traffic data will have greater variance. If the data collection
interval is too long (e.g., 30-minute), in contrast, real-time traffic changes may be over-smoothed,
and CVs cannot change routes adaptively. Thus, five-minute is a preferred interval length which

is long enough to smooth traffic fluctuations but can still reflect real-time traffic changes.
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Chapter 8. ALGORITHM TESTS

The developed CV navigation algorithms are tested in both numerical and simulation
experiments. Specifically, the goals of the algorithm tests include: 1) implement the developed CV
navigation algorithms in numerical calculation and microscopic simulation platform; 2) quantify
the navigation impacts in various traffic conditions and different CV penetration rates; 3) compare
the results of DUE and DSO navigation algorithms; and 4) provide insights and recommendations

for practical implementation.

8.1 EXPERIMENT DESIGN

The urban road network of downtown Bellevue will be used to test the CV navigation
algorithms. To evaluate the navigation results in different scenarios, we designed a number of
different experiment configurations that considers various real-world traffic cases (e.g., events,
non-recurrent congestions, and different CV penetrations). Additionally, we also evaluate the

navigation results in detail under different navigation objectives and algorithm parameters.

8.1.1  Traffic Input

Three types of vehicle input are added to the road network: background traffic, non-CVs and
CVs. The background traffic is set using the actual hourly traffic count during the midday non-
peak period provided by the City of Bellevue. In the experiments, it is assumed that vehicles in the
background traffic do not change their routes. This part of traffic can be generally considered as
familiar drivers with preferred routes (and thus do not use navigation applications in the area) or
commercial vehicles that have planned routes. The VISSIM model was first simulated ten times
with only the background traffic to develop link cost functions and summarize the average link

traffic volumes that serve as historical traffic data in the CV navigation algorithms.
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Non-CVs and CVs are added to the road network on top of the background traffic. Here we
assume this extra traffic flow starts from the top-left corner and route towards the bottom-right
corner of the network, so that all road links can potentially be traveled in a candidate path. This
experiment design can be considered as a nonrecurrent event which generates an extra traffic flow
in the studied network. Non-CV and CV navigation algorithms will be applied to corresponding
vehicle classes to compute the optimal path for each vehicle, and we will evaluate the user cost as
well as the system impact associated with the extra traffic flow. Additionally, we will also test
different flow levels and CV penetration rates to evaluate the navigation results in various

scenarios.

8.1.2 Model Parameters

An important part of the navigation algorithm is predicting the future travel time, which
utilizes a Bayesian model that considers both historical and real-time traffic data. Theoretically,
historical traffic data summarize typical traffic patterns and the travel time predictions will have
smaller variance if only relying on historical data. But the travel time predictions could potentially
be biased as historical traffic data do not reflect real-time traffic changes. If only relying on real-
time traffic data, in contrast, the travel time predictions are expected to be unbiased but with greater
variance. In the practical application, it is important to wisely determine the Bayesian parameter
to balance the effect of historical and real-time traffic data.

In the simulation experiments, real-time traffic data are collected and aggregated by five-
minute intervals. Here we use the traffic data from three most recent time intervals (i.e., the last
15-minute) as real-time traffic information in the travel time prediction task. As the historical data

are aggregated on an hourly basis, we use 0.25 as the Bayesian parameter to reflect the approximate
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traffic amount ratio. In further experiments, we will also test different Bayesian parameters and

discuss the impacts in some special cases (e.g., non-recurrent events).

8.2 EXPERIMENT RESULTS

This section presents the navigation results from both numerical and simulation experiments.
Specifically, the actual path traveled by each vehicle is recorded to understand the network traffic
distribution. The network travel time is also collected and summarized by vehicle type by link, in
order to evaluate the navigation results in terms of user and system costs.

It is important to first verify that the simulation results agree with numerical calculations when
applying the CV navigation algorithms. Figure 8.2 shows the comparison of the general results
from numerical and simulation experiments. Here we change the extra flow rate from 100 to 800
veh/h and assume all vehicles in the extra traffic flow are CVs. The trends of total user cost (i.e.,
total CV travel time) from numerical calculation are presented by curves, while results from
simulation experiments are presented by scatter points. Note that we also considered two cases
when CVs are using DUE and DSO navigation algorithms, respectively, and show the results in
different colors and line types (or point shapes). In general, the simulation results agree with
numerical calculation in the sense that points are closely distributed near the curves. The
relationship between the CV flow rate and the total CV travel time is convex because the average
travel time per vehicle will increase with the CV flow rate. Variance of simulation results increase
with the CV flow rate, indicating higher traffic randomness when the network is more congested.
Note that the differences between DUE and DSO navigation algorithms are minimal from
numerical results and are unobservable from simulation results. Detailed comparisons between
DUE and DSO navigation algorithms in various scenarios will be presented in following sections
and thus are not further discussed here.
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Figure 8.1. Summary of navigation results from numerical and simulation experiments.

It is important to note that the amount of traffic that can be added into the network is

8.2.1

We first look at the network traffic distributions under different navigation algorithms. Figure
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constrained by the intersection capacity at the entry node. In the studied network, the maximum
extra traffic flow is around 800 veh/h, which is approximately equivalent to 30% of the background
traffic. No more extra traffic can be added to the network without reducing the background traffic.
Additionally, when the extra traffic flow is 800 veh/h, a number of traffic signals are already

operated close to the capacity. Thus, there is no need to further increase the extra traffic flow as

8.2 shows the distribution of the extra traffic on all road links when the extra traffic flow rate is



100 veh/h. The first subplot presents the distribution of the extra traffic when all vehicles use the
static navigation algorithm (i.e., all vehicles are non-CVs). In this case all vehicles choose the same
path based on the background traffic (i.e., historical traffic data). In this scenario, the extra traffic
flow is equivalent to around 3% of the total background traffic. Thus, the network traffic conditions
will not be greatly influenced even if all extra vehicles choose the same path. However, this clearly
is not the optimal traffic distribution as there exists multiple alternative paths from the origin to
the destination. The second and third subplots present the network traffic distributions based on
two CV navigation algorithms (i.e., the DUE and DSO navigation algorithms), respectively,
assuming all extra vehicles are CVs. According to the graph, the DUE navigation algorithm mainly
utilized two fastest paths, while the DSO navigation algorithm utilized more road links and
achieves a more balanced network traffic distribution especially near the start and the end of the
trip.
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Figure 8.2. Traffic flow distribution for different navigation algorithms (100 veh/h).

Figure 8.3 - Figure 8.5 show the network traffic distributions if further increasing the extra
traffic flow to 300, 500, and 800 veh/h, respectively. The static navigation results are the same as
all non-CVs will still choose the same path identified by historical traffic data. Dynamic navigation

algorithms will utilize more roads with the increase of CV flow rate. When the CV flow rate is
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800 veh/h, for example, approximately 80% of the roads will be traveled by some CVs, and
majority of the utilized roads will receive around 20% - 60% of the total extra traffic. Comparing
DUE and DSO navigation results, the overall traffic distributions under DUE and DSO navigation
algorithms become more similar with the increase of CV flow rate. The difference between DUE
and DSO navigation results is not very obvious from the network traffic distribution graph. One
observable difference between the two subplots is near the destination. DSO navigation can
slightly alleviate traffic demand on major roads (i.e., the bottom horizontal street) near the

destination, which gives a more balanced traffic distribution in the network.
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Figure 8.3. Traffic flow distribution for different navigation algorithms (300 veh/h).
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Figure 8.4. Traffic flow distribution for different navigation algorithms (500 veh/h).
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Figure 8.5. Traffic flow distribution for different navigation algorithms (800 veh/h).

According to the experiment design, the extra traffic flow specifically considers the case of a
non-recurrent traffic flow increase. In this scenario, non-CVs will choose the same path as the
traffic increase is not observed in historical traffic data. If the extra traffic is added as a long-term
flow increase, then some of the travel time impact can be reflected from historical traffic data. As
a result, non-CVs can potentially utilize more than one path and the network traffic distribution
for static navigation could actually be somewhere between the static and dynamic navigation
results in the above figures.

To quantify the differences between network traffic distributions, we define the path

difference rate between two navigation algorithms as

PathDiff(1,2) = % (8.1)

where g, ¢ and q, ¢ are the link traffic volume under algorithms 1 and 2, respectively. The range
of the difference rate is between 0 (same) and 100% (completely different). Note that the path
difference rate will not change if we switch the places of the two algorithms (i.e.,

PathDif f(1,2) = PathDiff(2,1)). This is because the total traffic volume is the same when
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comparing the two algorithms in the same traffic scenario (i.e., Xg q1 ¢ = Xr 2., Which both
equal to the extra traffic volume).

Table 8.1 summarizes path difference rates under different levels of extra traffic flow.
According to the table, differences between the static navigation and dynamic navigations will
increase with the traffic flow rate. This is intuitive as more roads will be traveled when more CVs
are added to the network. Recall that static navigation algorithm will assign all traffic to the fastest
path identified by historical data. The historical fastest path still play an important role in dynamic
navigation algorithms in the sense that it is traveled by around 35% CVs when the CV flow rate is
800 veh/h. The path difference rate between two dynamic navigation algorithms (i.e., DUE and
DSO navigation algorithms) has a decreasing trend with the CV flow rate. When the CV flow rate
is 800 veh/h, for example, the path difference rate between DUE and DSO navigation results is

5.2%, which is hard to observe in the network traffic distribution graph (Figure 8.5)

Table 8.1. Path Difference Rate between Navigation Algorithms

Path difference rate (%)

Extra traffic flow (veh/h) - —— " DUE  Staticvs. DSO _ DUE vs. DSO
100 24.2 34.0 11.7
200 38.7 477 11.2
300 462 52.7 8.7
400 50.9 57.4 9.2
500 5.5 61.1 8.0
600 58.6 63.1 6.7
700 60.8 64.6 5.9
800 62.5 65.7 5.2

It is important to note that the network traffic distributions and path difference rates are
calculated from numerical experiments, which do not sufficiently consider traffic randomness in a

dynamic environment. In simulation experiments, the dynamic traffic assignment will change
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periodically with the real-time traffic data collection (e.g., every five-minute). Thus, the actual
network traffic distribution may be slightly different from the numerical results at a specific time
instant. In this section, we analyze numerical experiment results to help understand the average
traffic distribution and expected traffic distributions. Further analysis of simulation results and

discussion about result variations will be presented in the following sections.

8.2.2 Impact of CV Penetration

In the previous section, we show that dynamic navigation algorithms can distribute CVs on
many alternative paths. However, 100% CV penetration is not realistic in the recent future. Thus,
it is important to test the navigation algorithms under different levels of CV penetration. In this
section, we further consider the extra traffic as a mixed flow of non-CVs and CVs. While non-
CVs continue to choose the optimal path based on the historical knowledge of traffic, CVs will
dynamically calculate the optimal path using DUE or DSO navigation algorithms. Vehicle input
with different CV penetrations have been added to the VISSIM model, and the travel time results
were collected and analyzed to quantify the impact.

Figure 8.6 shows the relationship between average path travel time travel time and CV
penetration at different levels of extra traffic flow. Note that the VISSIM model was simulated ten
times with different random seeds for each specific scenario (i.e., as defined by traffic flow level,
CV penetration, and dynamic navigation algorithm). Due to the stochastic vehicle input, the actual
percentage of CVs that actually entered the network in each simulation will be slightly different
unless the CV penetration is 0% or 100%. In the graph, the simulation results are plotted based on
the detected CV penetration. In general, the average path travel time decreases with the increase
of CV penetration in all scenarios, and the benefit of CVs will increase with more traffic being

added to the network. Under low or moderate traffic flow levels (i.e., 100 or 300 veh/h), the travel
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time impact of CV penetration is relatively small (but still observable) compared to the result
variations. If the vehicles are fully connected (i.e., 100% CV penetration), the average path travel
time under 500 veh/h traffic flow can be reduced to the similar level as that under the minimum
traffic flow (i.e., 100 veh/h). This indicates that dynamic navigation algorithms can efficiently
assign traffic into different paths and reduce user cost to the minimum level.

When the CV penetration rate is higher than 60%, the system will not benefit from further
increasing the CV penetration in the sense that the marginal reduction of user cost is minimal. This
is consistent with the numerical experiment results that around 35% of CVs will still choose the
historical fastest path even if the extra traffic flow is high. If changing these 35% CVs to non-CVs,
their route choice decisions will still be the same, and the network traffic distribution will not be
greatly influenced. That said, the mechanisms behind the similar network traffic distributions are
different. When the traffic is not fully connected, for example, CVs must rely on traffic detectors
to collect non-CV traffic data and then calculate the conditional optimal path. If all vehicles are
CVs, they can share route choice decision in real time without relying on traffic detectors, and the

dynamic traffic assignment can be achieved faster.
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Figure 8.6. Change of system and extra travel cost with CV penetration rate.

According to Figure 8.6, two dynamic navigation algorithms have similar travel time impacts,

which is consistent with the previous finding that DUE and DSO navigation algorithms will lead

to similar network traffic distributions. In the following section, we will further compare these two

algorithms to analyze the benefit of DSO navigation in terms of the system impact.

8.2.3

Benefit of DSO Navigation

Figure 8.7 shows the change of total user cost (left subplot) and total system cost (right sub

plot) with CV penetration based on DSO and DUE navigation algorithms from simulation

experiments. To reduce the impact of travel time variations, results under 500 veh/h extra traffic
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flow rate are presented as the data trends are more obvious. According to the figure, the total user
and system costs will decrease with higher CV penetration under both DUE and DSO navigation
algorithms. The maximum benefit is achieved when the CV penetration reaches around 60%.
Figure 1.1Figure 8.8 shows the average trends of navigation results. When the CV penetration
is lower than 50%, DSO navigation results are better than DUE in the sense that both user and
system costs drop faster. This indicates that implementing the DSO navigation algorithm will help
reduce user and system costs when CVs only make up a small portion of the traffic. When the CV
penetration is close to 100%, the difference between DUE and DSO navigation results are
relatively small. When considering individual simulation runs, however, the benefit of the DSO
navigation algorithm is not reliable due to variations in travel time results. In a dynamic traffic
environment, multiple sources of randomness (e.g., stochastic vehicle arrivals, actuated signal
controls, dynamic route choice decisions, etc.) will cause variations in vehicle travel time results.
Based on the simulation results, the variation of hourly vehicle travel time is around 5% of the

result.
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Figure 8.7. Comparison of DUE and DSO navigation results.
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Figure 8.8. Comparison of DUE and DSO navigation results (trends).
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To further understand the potential benefit of the DSO navigation algorithm, Table 8.2
summarizes the comparison of user and marginal system costs between DUE and DSO navigations
based on numerical experiments. In all traffic scenarios, the marginal system cost is equivalent to
approximate 120-140% of the total user cost, and the ratio slightly increases with the traffic flow
rate. Comparing DUE and DSO results, the DSO navigation algorithm will benefit the system
more than users in the sense that the system benefit is around twice of the user benefit. This is
intuitive as the DSO navigation algorithm targets to minimize the total system cost. The relative
benefit of the DSO navigation algorithm is small (e.g., less than or around 1% in all scenarios).
Such a small benefit may not be practically achievable considering real-world traffic flow

randomness.

Table 8.2. Comparison of DUE and DSO Navigation Results from Numerical Experiments

Traffic User Cost System Cost (Marginal)

Flow Total Cost  Total Cost  Benefit Benefit | Total Cost  Total Cost  Benefit Benefit

(veh/h) under DUE under DSO of DSO of DSO | under DUE under DSO of DSO of DSO

(veh-h) (veh-h) (veh-h) (%) (veh-h) (veh-h) (veh-h) (%)

100 8.08 8.05 0.03 0.37 10.90 10.86 0.04 0.37
200 16.96 16.88 0.08 0.47 23.05 22.89 0.16 0.69
300 26.59 26.48 0.11 0.41 36.33 36.04 0.29 0.80
400 37.05 36.69 0.36 0.97 50.88 50.32 0.56 1.10
500 47.88 47.41 0.47 0.98 66.36 65.65 0.71 1.07
600 59.16 58.70 0.46 0.78 82.78 82.01 0.77 0.93
700 71.18 70.68 0.50 0.70 100.36 99.45 0.91 0.91
800 83.95 83.44 0.51 0.61 119.11 118.11 1.00 0.84

The small benefit of the DSO navigation algorithm is because of the fact that DUE and DSO
navigation algorithms give very similar network traffic distributions in the studied network. Recall

that the path difference rate between DUE and DSO traffic assignments is around 5%-10% in all
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scenarios. With the increase of CV flow rate, the DUE and DSO traffic assignment becomes even
more similar. As a result, the advantage of DSO over DUE navigation is negligible in the studied

network after considering real-world traffic flow randomness.

8.2.4  Balancing Historical and Real-Time Data

The last part of result analysis involves the discussion about navigation algorithm parameters,
as well as the robustness to traffic fluctuations. In order to navigate CVs adaptively under real-
time traffic conditions, dynamic navigation algorithms need to utilize real-time traffic data
collected from traffic detectors. Future traffic flow is predicted as a weighted average that
combines historical and real-time traffic data. Specifically, the Bayesian parameter, y, (see
Equation 6.15) controls the “weight” of real-time traffic data as compared to the historical traffic
data.

In the simulation model, historical traffic is defined as the average hourly traffic flow and
travel time results under only the background traffic input. The real-time traffic is defined as the
average traffic flow and travel time results from most recent three data collection intervals (i.e.,
the latest 15-minute) under both background traffic and extra traffic flow input. In previous
simulation experiments, y = 0.25 was used so that the weight of real-time traffic data is consistent
with the length of the data collection period. Additionally, as the background traffic is the same as
the that used to simulate historical data, real-time traffic will also follow historical traffic patterns.
Thus, adjusting the Bayesian parameter will not significantly affect the navigation results.

When the real-time traffic does not follow historical traffic patterns, for example, when
accidents and non-recurrent events cause traffic changes, the effectiveness of dynamic navigation
algorithms will be influenced by the specific Bayesian parameter used in the travel time prediction

model. To test the impact of the Bayesian parameter, we increase the background traffic to 120%
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(note that the historical data are still based on 100% background traffic). This scenario can be
generally regarded as incidents or events that create non-recurrent traffic demands higher than
historical traffic patterns. The extra traffic flow is set as 500 veh/h with 100% CVs. Multiple
simulation experiments have been conducted with different Bayesian parameter values to test the
robustness of dynamic navigation algorithms under non-recurrent traffic changes.

Figure 8.9 presents the relationship between the average path travel time and the log-
transformed Bayesian parameter. Two subplots show the travel time results under DUE and DSO
navigation algorithms, respectively. The scatter points are slightly jittered in the horizontal
direction to avoid overlapping. For the DUE navigation results, the average path travel time first
decreases and then increases with the increase of the Bayesian parameter. There exist an optimal
range of the Bayesian parameter (e.g., —1 < log(y) < 1) that approximately gives the minimum
average path travel time. In terms of the result variation, the variance of the average path travel
time has an increasing trend with the Bayesian parameter, indicating that over-weighting real-time
traffic data may result in higher variations in navigation results. As for the DSO navigation results,
we cannot clearly observe an optimal range of the Bayesian parameter, possibly because the DSO
traffic assignment are more consistent in regular and non-recurrent traffic conditions. But the
variance of the average path travel time will also increase with the Bayesian parameter (i.e., when

the traffic prediction relies more on real-time data)
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Figure 8.9. Impact of Bayesian parameter on navigation results.

Note that the simulation results are consistent with the bias-variance tradeoff in travel time
prediction. Based on previous discussions, traffic predictions based on historical data should have
less variance but could be potentially biased. While predictions based on real-time data will be
unbiased but have greater variance. In the practical application, the Bayesian parameter should be
appropriately determined based on the local traffic patterns in order to balance historical and real-

time traffic data in travel time prediction tasks.
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Chapter 9. CONCLUSIONS AND RECOMMENDATIONS

9.1 SUMMARY OF RESULTS

This study developed a coordinated navigation system that can adaptively navigate CVs
towards DUE and DSO traffic assignment conditions. Different from macroscopic DTA models,
the developed navigation algorithms are specifically suitable for urban street networks with
intersections. An empirical intersection delay function has been developed based on classical
probabilistic intersection delay models. The delay function parameters can be empirically learned
from actual traffic data collected by detectors at each intersection. Based on the intersection delay
function, the future traffic states can be predicted combining historical and real-time traffic data.
Then CVs will coordinately select different alternative paths through real-time sharing of their
routing decisions.

The developed navigation algorithms have been implemented in numerical and simulation
experiments to quantify the impacts. Results show that compared to static navigation algorithm
used by non-CVs, CV navigation algorithms can effectively utilize more roads and achieve a more
balanced network traffic distribution. As a result, both user and system costs will be greatly
reduced. The developed CV navigation algorithms are helpful in mitigate traffic impact caused by
non-recurrent events. The benefit of CV navigation algorithms will also increase (i.e., the user and
system costs will decrease) with the increase of CV penetration. In all experiments, the user and
system costs cannot be further reduced when the CV penetration reaches around 60%. This
indicates that the traffic does not need to be fully connected to achieve the maximum benefits from
CV navigation algorithms. Note that the maximum beneficial CV penetration threshold is similar
to the path difference rate between static and dynamic navigation results. This indicates that if we

know the difference between the current and designed network traffic assignments, we can
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introduce the exact amount of CVs to fill this gap and lead the system to the desired state. The
efficiency of the CV impact is guaranteed by the real-time traffic data collection and V2l
communication.

An important finding from the algorithm tests is that the benefit of using the DSO navigation
algorithm is relatively small (e.g., around 1%) compared to the DUE navigation results. Given the
real-world traffic randomness in the urban street network, such a small improvement may not be
practically achievable. Additionally, DSO is not an equilibrium state consider the user optimality.
Extra efforts such as incentives and policies are required to encourage the use of DSO navigation.
The benefit of DSO navigation is more significant when CV penetration is low or when the
network is more congested. This indicates that encouraging DSO navigation may help faster
achieve the CV benefit in the early phase of CV deployment.

It is important to note that DUE and DSO states have very similar network traffic distributions
in the studied network. This is possibly because the studied area has a grid network consisting of
road sections with relatively homogeneous roadway characteristics (e.g., link length, design speed,
traffic control, etc.). As a result, there exists many alternative paths with similar features for each
vehicle. With the increase of the CV flow rate, both DUE and DSO navigation algorithms will lead
to balanced traffic distributions in the network. Thus, the marginal benefit of DSO navigation over
DUE navigation is negligible after considering the traffic flow randomness. It is expected that the
benefit of DSO navigation will be greater in a network with more diverse road sections. Similar
analysis could be applied to quantify the navigation impacts and provide insights in the practical

implementation of the developed CV navigation system.
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9.2 DISCUSSIONS AND FUTURE DIRECTIONS

This study developed a navigation module that can dynamically control CV movements in the
VISSIM simulation model. Specifically, the developed DUE and DSO navigation algorithms are
implemented to test the travel time impact. Note that the use of the navigation module is not
restricted to testing the proposed CV navigation algorithms. Other dynamic navigation algorithms
can also be implemented as a graph method in the navigation module program. Additionally, extra
real-time data, if needed by a different navigation algorithm, can be collected from the simulation
model by deploying additional sensors. But the vehicle routing decisions can be dynamically
updated in the same fashion.

To ensure the robustness of dynamic navigation algorithms in non-recurrent congestions, this
study applied a Bayesian model for the traffic forecasting task. Specifically, future traffic is
predicted using a combination of historical and real-time traffic information. This study uses the
Bayesian model mainly because the link cost is written as a function of traffic flow, and stochastic
vehicle arrivals can be assumed to follow typical probabilistic distributions (e.g., Poisson
distribution). The Bayesian model can also be replaced by other traffic forecasting algorithms such
as time-series and machine learning models to improve the traffic prediction accuracy. As this
study mainly relies on the simulated traffic network to test proposed navigation algorithms, traffic
forecasting is not a major focus on this study. The Bayesian model is sufficient to provide accurate
traffic predictions and ensure the effectiveness of CV navigation algorithms in various conditions.

According to the fundamental diagram of traffic flow theory, the relationship between travel
time and traffic flow has two branches, the uncongested and congested branches. This study
focuses on the uncongested branch so that the link travel time is a convex function of the traffic

flow rate. As a result, the coordinate CV navigation algorithms only work when the traffic is
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uncongested. This is intuitive as when the traffic is already congested, there is no much benefit of
dynamically navigating CVs. Note that the “uncongested prerequisite” only applies to non-CV
traffic, as the route choice of CVs will be coordinately determined to avoid road sections with
near-capacity traffic flows. Thus, as long as there exist some paths where non-CV traffic flows do
not exceed the capacity, and the capacity of alternative paths can serve the CV traffic demand, the
coordinate CV navigation algorithms can efficiently distribute CVs into different paths to
approximate network traffic distribution towards different DTA states.

Although the CV navigation algorithms are designed to provide routing guidance to each
vehicle at any instant of time, implementation of the algorithms are constrained by the limitation
of the simulation platform. For example, the vehicle navigation updating frequency is constrained
by the data reading and writing speed of VISSIM COM API. Additionally, in VISSIM vehicle
movements are collaboratively controlled by vehicle routing decisions. Thus, the CV routing
decisions must be aggregated to update the relative flows at different vehicle routing decisions in
the network. Such an approximation will not greatly influence the network-level travel time results
but will lose specific control of each individual vehicle. Future research may focus on developing
vehicular simulation module that can specifically control the movement of each vehicle. In
VISSIM, however, this could be achieved at the cost of reducing the navigation updating speed or
simplifying the roadway network to ensure data can be collected and processed in real-time.

In term of the navigation objectives, this study uses travel time as the measurement of travel
cost, and the link travel time is thus expressed as a function of link traffic flow rate. In practice,
the actual travel cost may include other components such as social costs. For example, commercial
vehicles may want to avoid local roads in residential areas to reduce the safety and environmental

impact. Depending on the nature, social cost can be considered as independent of or a function of
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the traffic flow. The general travel cost can then be represented as a combination of travel time
and social cost. The CV navigation algorithms can be adjusted accordingly towards user of system
optimality as defined by the general travel cost.

The dynamic navigation algorithms rely on CV communications (i.e., V2l and V2V
communications) to adaptively identify the optimal path based on real-time traffic information and
other vehicles’ route choice decisions. This study did not specifically consider the quality of CV
communications. In practical implementations, however, communication quality such as network
latency and transmission quality are critical to ensure the reliability and effectiveness of CV
navigation algorithms. An interesting research direction is to quantify the communication load at
different parts of the network and optimize the communication system design, in order to ensure

the quality of CV communications.
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APPENDIX A

In this appendix we list the link cost function fitting results for all road sections in the
simulation network. Figure A.1 shows the numbering of road links (in orange color) in the studied
network. The detailed link cost function fitting results are presented in Figure A.2 - Figure A.11.

In general, the empirical link cost function can accurately describe the trend of link travel time

with traffic volume.
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Figure A.9. Link cost function fitting results (link 49-54).
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Figure A.10. Link cost function fitting results (link 56-61).
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Figure A.11. Link cost function fitting results (link 62-64).
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