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Abstract

It is critical to reduce road transportation emissions, as it is the major source
contributing to greenhouse gas emissions (GHGs) and air pollution. However, the
increasing travel demand due to the rise of population and economy makes the task
challenging. Mathematically, road transportation emissions can be minimized in the
manner of reducing total vehicle miles traveled (VMT) and lowering vehicle emission
rate. Many strategies have been proven viable for achieving transportation sustainability.
For example, the total VMT can be reduced by switching low-occupancy transportation
modes (i.e., driving alone) to high-occupancy transportation modes (i.e., public transit,
ridesharing). The development of alternative-fuel vehicles (i.e., hybrid vehicles and
electric vehicles) provides the prospect of minimizing vehicle emission rates or achieving
net zero emissions. These strategies are active in urban transit and high-occupancy
vehicle systems. Many studies focused on the field of urban transit and high-occupancy
vehicle systems. However, there are several challenges and scientific gaps related to
sustainability in this field. For example, the lack of investigation of energy estimation
models for hybrid buses that can support energy-oriented transit operations. The need to
develop an environmental impact evaluation framework for assess the energy and
environmental impact of ridesharing services with consideration of individual level (i.e.,
agent) behavior changes. An energy-saving and time efficient charging system for
electric buses on complex transit networks is required to developed in order to promote

the emerging of electric buses in transit usage.
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To fill these gaps, three studies was done in this dissertation: (1) hybrid buses
energy prediction, (2) ridesharing operations and assessment, and (3) electric transit
system charging infrastructure design. The first study is to estimate the energy
consumption of hybrid buses by building machine learning model to help practitioners
understand the fuel consumption behavior of hybrid buses and save energy in transit
operations. The second study is to conduct ridesharing operations and assessments by
developing a simulation platform to assess the energy and environmental benefits of
ridesharing services under various scenarios. This study aims to assist policy design and
decision-making regarding ridesharing services. The third study is to design an energy-
saving and time-efficient charging infrastructure for electric buses with the consideration
of tactical bus frequency setting. This study motivated by mitigating the drawback of
limited range and charging delay of electric buses.

This dissertation can support transportation planning, decision-making, and policy
design of transportation practitioners referring to achieving sustainability in urban transit
and high-occupancy vehicle systems, taking efforts on various research technologies,

such as artificial intelligent, simulation modeling, and operations.
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Chapter 1

Introduction



1.1 Background and Motivation

Climate change is a global issue. The greenhouse gas emissions (GHGS) continue
to rise, and the temperature is getting warmer and warmer. Today, the earth is about
1.1<C warmer than it was in the late 1800s [1]. Many scientists and governments concur
that keeping warming below 1.5<C will help humanity escape the worst climatic effects
and maintain a habitable climate [2]. The Intergovernmental Panel on Climate Change’s
sixth assessment report found that it will be impossible to keep global warming at 1.5<C
or even 2<C without immediate, rapid, and significant reductions in GHGs [3]. Any
human activity that uses energy such as transportation, industry, agriculture, and
commerce is responsible for the GHGs. But transportation especially consumes a lot of
fossil fuels every day by almost every person. It accounts for 27% of the United State
GHGs in 2020 [4]. Transportation is responsible for climate change. In addition to that, it
also contributes to air pollution which threatens human health. Every year, transport
emissions are linked to almost 400,000 deaths over the death of 7 million people caused
by air pollution worldwide [5]. The United Nations Environment Programme reported
that the death from exhaust fumes in cities will rise by more than 50% by 2030 if do not
cut vehicle emissions immediately [6]. Therefore, reducing transportation emissions to
control climate change and protect human health is crucial.

The source of the transportation emissions comes from various transportation
modes, from the road to rail to sea. Among all the transportation modes, road
transportation is responsible for the majority of transportation emissions, where light-
duty vehicles account for almost 60%, and medium and heavy-duty trucks contribute

about 30% of the transportation emissions [4]. This motivates the dissertation to focus on



the study of achieving sustainability for road transportation. However, it is not easy to
control road transportation emissions. Generally, travel demand is continually increasing
as the population and economy rise. Vehicle miles traveled (VMT) is a key indicator of
travel demand and behavior, given its effect on both road network performance and the
environment [7]. It measures the amount of travel for all vehicles in a region over a given
period. A report reveals that VMT in the United State was seven times higher in 2017
than in 1950. The number of vehicles in operation was more than six times higher in that
same period, while the resident population doubled [8]. And the number of vehicles and
VMTs will continue to rise in the future. Considering this situation, achieving
sustainability in transportation, especially in road transportation is challenging.
Mathematically, road vehicle emissions depend on the total VMT and vehicle
emissions rates [9]. In this sense, there are mainly two options to reduce road vehicle
emissions. The first option is to reduce VMT. Generally, it can be done by switching the
transportation mode from driving to green traveling. For example, cycling and walking
obviously do not count any vehicle mileage [10]. Many studies examining the role of
public transit in reducing VMT and GHGs have focused directly on mode shifts from
driving to transit [11]. Ridesharing systems have been promoted as a demand
management strategy for reducing VMT [12, 13]. The second option is to reduce vehicle
emissions rates. Vehicle technological improvements support the practical and palatable
strategy to enhance the energy efficiency of vehicles. Recently, hybrid vehicles, electric
vehicles, and other alternative-fuel vehicles have been used to provide energy efficiency

[14]. This dissertation focuses on three of these strategies, public transit, ridesharing, and



vehicle technological improvements. They are also active in urban transit and high-
occupancy vehicle systems.

This dissertation aims to support transportation planning, decision-making, and
policy design of transportation practitioners to achieve sustainability in urban transit and
high-occupancy vehicle systems, through intelligent modeling, simulation, and operations.
1.2 Research significance

Urban transit with high occupancy can reduce GHGs relative to low-occupancy
transportation modes [15]. Recently, alternative-fuel buses are emerging in urban transit,
like hybrid buses and electric buses [16]. But electric buses are not commonly used by
transit agencies due to their limited range and long recharging time. Nation Transit
Database shows that 1,268 electric buses out of 63,530 total buses are actively operating
at transit agencies across the U.S in 2020 [17]. Hybrid buses can significantly increase
energy efficiency and reduce emissions [18]. They’ve been used in many transit agencies
in recent years. Hybrid buses have captured as much as 40% of new transit bus purchases
in North America [19]. Ridesharing is a typical high-occupancy vehicle system. It is
defined as an arrangement where two or more persons from different households share
the use of a privately owned car for part of a trip and share the driving costs [20]. The
ride-hailing market is estimated to be USD 85.8 billion in 2021 and is projected to reach
USD 185.1 billion by 2026 [21]. Right now, more and more people choose to go out
using ride-sharing services such as Uber and Lyft. A recent survey shows that more than
9 percent of Americans carpool to work every day [22]. Previous studies have proven that
high-occupancy transportation modes (i.e., transit bus and ridesharing services), along

with alternative fuel vehicles (i.e., hybrid and electric vehicles) are potential means to



reduce road transport emissions. However, there are several challenges and scientific
gaps in the field of sustainable urban transit and high-occupancy vehicle systems. Some
of the gaps are addressed in this dissertation.

One of the gaps is the lack of investigation of fuel consumption estimation models
for hybrid buses that can enable transit operators to understand the fuel consumption
behavior of hybrid buses, so as to improve their planning and bus operations to achieve
their fuel savings and sustainability goals. The research found hybrid diesel buses can
achieve significant savings in fuel consumption compared with conventional diesel buses
[23-25]. However, few studies focus on estimating the energy consumption of hybrid
buses. Relevant studies refer to fuel consumption prediction of transit buses mainly
depending on the summary model [18, 26] and estimation models [27, 28], which were
done about one decade ago and there is a need to assess the energy benefits of the hybrid
bus with the incorporation of recent technologies. Advanced prediction methods, such as
artificial intelligence algorithms, are used in literature to predict the energy and emissions
of diesel buses [29, 30], but few studies have focused on hybrid buses. Machine learning-
based models are investigated in Chapter 2 to estimate the energy consumption of hybrid
buses.

An evaluation framework of ridesharing systems that can provide adequate
information on the effect of various existing and future ridesharing strategies will be
useful for policy design and decision-making of transportation agencies. Most of the
existing studies are mainly drawing on survey data or small-scale trip data instead of the
raw observed order information [31]. Limited studies investigate ridesharing based on

empirical ridesharing data. But their conclusions are retrospective and do not offer



insights into future scenarios, which are important for transportation practitioners in
evaluating various ridesharing policies. Additionally, any tools developed should have
the capability to consider individual-level behavior when evaluating ridesharing impacts
[32]. Literature shows that there is a knowledge gap regarding developing an
environmental impact evaluation framework for ridesharing services with consideration
of individual level (i.e., agent) behavior changes. In addition, to be useful for
transportation practitioners, the developed framework needs to have scenario analysis
capability that can evaluate various ridesharing strategies for comparison purposes. This
gap is addressed in Chapter 3.

In addition to the energy prediction of hybrid buses and assessment of ridesharing
systems, another gap exists in the area of charging infrastructure allocation for battery
electric buses. The problems of limited range and charging delays restricted the
popularity of electric buses. Dynamic wireless charging (DWC) technology can
effectively mitigate the drawbacks of electric buses. It can charge buses when they are in
motion. Many projects [33, 34] have developed and implemented DWC technologies on
transit buses. The planning of the dynamic wireless charging infrastructure for electric
buses is still under development and is very challenging. The existing models either for a
single route or multiple routes are all based on the concepts and techniques of OLEV [35-
38]. They are not applicable to other systems with different architectures, such as the
DWC technologies developed by Utah State University [39] and ORNL [40]. The
topology of the power transmitter used in OLEV is a continuous inductive track/cable,
while the power transmitter developed in the DWC system of ORNL consists of many

circuit coils. An experimental study [40] shows that the energy transferred from a DWC



system is a function of vehicle speed, allowing the power level and the number of coils
per mile of a DWC system to be sized for the sustained operation of an EV. Therefore,
the sizing of the DWC system can be included in the allocation model to answer the
question, how many coils per mile are required at specific road segments according to
different driving behaviors and traffic conditions? In addition, the existing studies of the
allocation of DWC facilities for bus transit systems treat the routes as unidirectional
routes. But in reality, bus transit networks generally consist of many bidirectional routes,
especially for the downtown area. The bidirectional routes should be considered. As
stated in [36] and [38], the neighboring road segments can share the fixed cost of DWC
infrastructure. The bidirectional routes also can share the fixed costs of the DWC system
as the parallel road segments are close to each other. Since DWC technology will save
the long charging time for electric buses, the tactical bus frequency setting should be
adjusted for buses operating in the new charging system. Therefore, in order to promote
the emerging of electric buses in transit usage, an energy and time-efficient charging
system for electric buses in complex transit networks is required to be designed with the
consideration of bus frequency setting. This exploratory research was investigated in
Chapter 4.
1.3 Research Questions and Objectives

The overarching goal of this dissertation is to achieve sustainability in urban
transit and high-occupancy vehicle systems through emerging technologies and
operations. Three studies are included in this dissertation to accomplish the primary
objective. They are (1) hybrid bus energy estimation, (2) ridesharing operations and

assessment, and (3) charging infrastructure design for electric buses. The construction



framework of the energy estimation model for transit buses provided by the first study is
adopted in the third study to build the energy consumption model for electric buses. In
addition, these three studies are all conducted on the same testbed, Chattanooga,
Tennessee. Chattanooga is a good testbed for the studies of achieving sustainability in
urban transit and high-occupancy vehicle systems given there is a well-built public transit
system named Chattanooga Area Regional Transportation Authority (CARTA), its
travelers’ openness to rideshare services, and air quality problems need to be addressed
due to high vehicle-related vehicle ownership.

Each of the three studies has its own specific set of questions and objectives.
1.3.1 Hybrid buses fuel consumption prediction

Energy saving-oriented operation of the transit bus plays a key role in achieving
sustainability in public transportation. This can be achieved by providing accurate energy
consumption information to drivers and transit system managers, to help them better plan
operations and eco-driving in transit service. In this study, hybrid buses refer to non-plug-
in hybrid buses. They use a combination of gasoline-fueled engines and electric motors,
where gasoline engines are sued to keep their small batteries charged during driving, the
electric motor normally engages to supply a portion of propulsion at low-speed driving
with high acceleration or stop-and-go driving conditions. Thus, changes in fuel
consumption of a hybrid bus depend on the driving cycle and driving behavior. The
diversified operations and driving cycles of the hybrid bus make it difficult to accurately
estimate fuel usage. The question for the first research is: how can we build better energy
prediction models for the hybrid electric bus to provide accurate information for energy

saving oriented operation of the transit bus?



The main goal of this research is to develop ANN-based models for predicting
fuel consumption rates for hybrid buses at two levels, microscopic and mesoscopic. The
microscopic level model is to predict the energy consumption at a high resolution, second
by second. It uses velocity, acceleration, and road grade, as well as other vehicle and road
characteristics at 1 Hz frequency as the input variables. The mesoscopic model estimates
the energy for different trip durations. The input data is the aggregated traffic pattern
information for different trip durations, such as 5, 15, 30, and 60 min. In addition, fuel
consumption differences between hybrid and diesel buses and potential influencing
factors are assessed.

1.3.2 Ridesharing operations and assessment

As illustrated before, ridesharing recently has had fast growth and
commercialization. Ridesharing services can reduce traffic congestion and vehicle
emissions. Most study used travel survey data to assess the effects of ridesharing. Their
conclusions are mainly about the current situation of ridesharing and do not offer insights
into future scenarios. But transportation practitioners need to know the effect of different
scenarios when evaluating various ridesharing policies. The research questions are: (1)
how to develop an impact evaluation framework for ridesharing services in a bottom-up
way that can quantify the effects of ridesharing services at the individual level, and (2)
how to implement scenario analysis that can be used by transportation practitioners to
evaluate the potential impacts of various ridesharing strategies.

To tackle these questions, this study proposes an integrated framework to analyze
the efficiency and environmental benefits of ridesharing under various scenarios on a

regional scale. Specifically, the framework utilizes an agent-based traffic simulation



package (i.e., SUMO) to replicate traffic activities for commuting trips on a city scale
based on real-world traffic data. Meanwhile, this study develops an effective heuristic
matching algorithm for arranging ridesharing trips among travelers that can be applied in
the simulator and has the flexibility to represent various ridesharing scenarios. We
construct scenarios representing different ridesharing strategies and penetrations. Last,
travel efficiency and environmental performance are evaluated and compared among
different ridesharing scenarios.
1.3.3 Charging infrastructure design for electric buses

Generally, charging facilities have already been built in many cities for electric
bus operation. To best use the source of existing infrastructures, we should consider the
collaboration of wireless charging lanes with static charging facilities. Since DWC will
save a lot of charging time for electric buses, the bus frequency should be rescheduled for
buses operating in the new charging system. Therefore, we should consider the trade-off
between bus frequency and the deployment of DWC facilities. A real-world electric bus
system always contains bidirectional multiple bus lines. To be realistic, serving such
complex multiple routes should be considered when designing a new charging system for
electric buses. So, the question for this research is: how to deploy wireless charging lanes
and set the bus frequency to minimize the overall social costs in large-scale complex
transit systems?

The primary goal of this study is to provide a practical engineering tool to support
system-level decisions for the wireless charging-based transit system. In this study, we
develop a MIP optimization model to address the allocation problem of DWC lanes on

bidirectional multiple routes, considering the bus frequency setting for the new charging
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system. Our goal is to find an optimal DWC system design for electric buses that
minimize the social costs relating to the bus operation on the new charging system,
including the total construction cost of DWC facilities, electric bus fleet purchase cost,
passenger waiting cost, and cost for producing and transmitting electricity for charging
facilities. We consider three groups of constraints, including the DWC deployment
constraints, bus frequency setting constraints, and energy constraints.

1.4 Structure of Dissertation

The dissertation includes five chapters. The first chapter is a general introduction
to the background, research significance, research questions, and objectives. The last
chapter includes research conclusions and recommendations for future study. Chapters 2
through 4 are prepared in paper format, including published and submitted papers.
Therefore, some essential explanations may be repeated.

Chapter 2 is titled “Hybrid electric buses fuel consumption prediction based on
real-world driving data”, where the microscopic and mesoscopic machine learning
models are developed for estimating the energy consumption of hybrid buses based on
real-world driving data. The model selection and construction framework in this study are
also employed in Chapter 5 for modeling the energy consumption of electric buses.

Chapter 3 is entitled “Assessing the impacts of ridesharing services: An agent-
based simulation approach”. In this study, a travel efficiency and environmental impact
evaluation framework for various ridesharing strategies and penetrations with
consideration of individual-level behavior changes was developed.

Chapter 4 is titled “Planning of dynamic wireless charging lanes considering bus

frequency setting for battery electric buses”. In this study, the optimization model of
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planning DWC facilities for battery electric buses with the integration of tactical bus

frequency setting is constructed.
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Chapter 2
Hybrid Electric Buses Fuel Consumption Prediction based on Real-

world Driving Data’

1 Sun, R., Chen, Y., Dubey, A. and Pugliese, P., 2021. Hybrid electric buses fuel
consumption prediction based on real-world driving data. Transportation Research Part

D: Transport and Environment, 91, p.102637.
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Abstract

Estimation of fuel consumption by hybrid diesel buses is challenging due to its
diversified operations and driving cycles. In this chapter, a unique long-term transit bus
monitoring data is used to empirically compare fuel consumption of diesel and hybrid
buses under various driving conditions. The artificial neural network based high-fidelity
microscopic (1Hz) and mesoscopic (5-60 min) fuel consumption models for hybrid buses
are built. The microscopic model contains 1 Hz driving, grade and environment variables.
The mesoscopic model aggregates 1Hz data into 5~60-minute traffic pattern factors and
predicts average fuel consumption over the durations. The prediction results show mean
absolute percentage error of 1-2% for microscopic models and 5-8% for mesoscopic
models in predicting fuel consumption rate. The data are partitioned by different driving
speed, vehicle engine demand and road grade to investigate their impacts on prediction
performance.
2.1 Introduction

Globally, the transportation sector consumes 79 quadrillion BTU of energy,
produces 5.7 gigatons of greenhouse gas (GHG) emission and other criteria pollutants
that contribute to 200,000 annual premature deaths [41]. Public transportation has
potential in reducing energy consumption due to its benefits in conveying larger
passenger volume in less space than private automobiles [42]. Emerging technologies,
including automation, internet of things, and the sharing economy enable innovations in
transit operations, which provide greater potential in achieving sustainability goals in the
transportation sector [43]. However, public transportation service has high operational

and capital costs due to its low occupancy rate. For example, in United States, the
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average operating and capital costs of the nation’s 10 largest bus systems are $0.85 and
$0.16 per passenger mile, which are substantially higher than those of private
automobiles, which are $0.11 and $0.14 per passenger mile2. According to United States
Bureau of Transportation Statistics, fuel cost is approximately 20 percent of total transit
operating costs [44]. The non-plug-in electric hybrid bus has attracted attention from
transit authorities, and its market share has been steadily increasing over the past decade.
For brevity, the non-plug-in electric hybrid bus is referred to as the hybrid electric bus in
this paper. A hybrid bus has a small battery and an electric motor on board, which can
provide supplemental propulsion, particularly at low speeds with heavy traffic and
frequent stop-and-go driving. Thus, changes in fuel consumption of a hybrid bus, as
compared with conventional diesel buses, depend on the driving cycle, driving behavior,
and energy management of the hybrid bus. [45] showed improvements to fuel economy
ranging from 16% to 48% for hybrid buses, when compared to diesel buses, based on
different driving cycles. Therefore, to implement energy-saving operation of transit buses,
accurate prediction models are needed to understand the fuel consumption behavior of
hybrid buses. However, there is currently a knowledge gap regarding this understanding
in the literature.

In literature, methodologies to estimate the energy consumption and savings of
transit buses can be divided into summary or estimation models. Summary models focus

on comparing trip or daily average energy consumption of transit bus based on in-use or

2 The data is obtained from the website

http://www.portlandfacts.com/cost_of transit & cars.html , accessed on September 28th,

2020
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simulated data. [23] tested several types of buses including conventional diesel, natural
gas and diesel hybrid, in Beijing and Macao, using portable emission measurement
systems (PEMS). They found hybrid diesel buses can achieve 18-29% savings in fuel
consumption. Though not studying hybrid bus, [26] is one of the limited studies to
compare fuel consumption of a hybrid electric passenger car to a car with internal
combustion car with the same chassis under real-world driving and defined “benefit”
factor of the hybrid car for each vehicle specific power bin. In addition to laboratory tests,
some research summarized energy benefits of hybrid electric buses with the simulation-
based method [18, 46]. [24] developed a methodology that provided comparisons of high-
resolution fuel use and emission characterization of a hybrid diesel school bus as
compared with a conventional diesel bus. They summarized energy use and benefits of
hybrid bus under five driving cycles. They found that the hybrid bus provides large
energy benefits on arterial routes and less benefits on highway or local routes. This is a
relevant study but was done about one decade ago and there is a need to assess energy
benefits of hybrid bus with the incorporation of recent technologies. Additionally, these
summary models do not explore statistical relationships between fuel consumption and
influencing variables but rather depend on a large number of measurements to ensure
statistically robust results.

Estimation models refer to energy consumption prediction of transit bus using
different types of statistical models and on different granularity. Linear or nonlinear
regression-based prediction methodologies are most popular in literature, particularly for
diesel bus energy estimation. [27, 28] adopted a regression model with categorical

independent variables on time of day, time of week, and road type to predict fuel rate of

16



buses in different countries. [47] developed quadratic format fuel consumption models
for diesel and hybrid buses. They found fuel consumption rate achieve the lowest level
when buses are cruising at speed between 39 to 47 km/h within grades 0%-8% and will
decrease with higher grade and load. Some studies developed advanced and machine
learning-based models. Advanced prediction methods, such as neural network or support
vector machine, are used in literature to predict energy and emissions of diesel buses [29,
30], but few studies have focused on hybrid buses.

The literature review demonstrates a need to develop fuel consumption estimation
models for hybrid buses based on long-term, in- use experiment data. A high-resolution
fuel prediction model for hybrid diesel buses can enable transit operators to improve their
planning and bus operations to achieve their fuel savings and sustainability goals. In this
study, we propose artificial neural network (ANN) based fuel consumption estimation
models that utilize real-world operation data with 1 Hz granularity to achieve accurate
predictions of microscopic and mesoscopic fuel consumption of hybrid diesel buses.
Specifically, the microscopic model utilizes second-level vehicle trajectories to predict
fuel consumption rate of hybrid diesel buses at 1 Hz frequency. The mesoscopic model
estimates average fuel consumption rate at 5, 15, 30, and 60-minute durations based on
aggregated traffic pattern factors. In addition, fuel consumption differences between
hybrid and diesel buses and potential influencing factors are assessed. We acknowledge
that the developed model and estimation coefficients obtained in this study are specific to
the studied fleet and region. However, the ANN estimation model framework is
applicable to different fleets in other regions if similar transit bus measurement data are

available.
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2.2 Experiment Setup and Input Data

The data used in this study are 1 Hz driving and fuel consumption measurements
recorded by on-board sensors on one diesel transit bus and one hybrid non-plug-in
electric transit bus between March 2019 and March 2020. The buses are in the transit
operating fleet of the Chattanooga Area Regional Transportation Authority (CARTA).
They were manufactured by Gillig Brothers Inc. Table 2.1 summarizes the specifications
of the diesel and hybrid buses. The collected data were 1 Hz frequency real-time location
coordinates (i.e., latitude, longitude), elevation, ambient temperature, vehicle dynamics
(instantaneous speed and acceleration), and fuel consumption rate. Data on vehicle
dynamics and fuel consumption were obtained by gathering information with the
vehicle’s control area network bus (CAN bus) using a data logger called Datahub
developed by ViriCiti Inc®, which complies with the Society of Automotive Engineers
J1939 standard. The data logger contained an accelerometer to measure instantaneous
speed and transform the location to longitude and latitude coordinates. The temperature
was obtained through query Dark Sky API weather data®. The elevation data were
queried through elevation databases according to instantaneous bus coordinates. The
elevation database was provided by the Tennessee elevation LIiDAR project, which is a
coordinated effort with the United States Geological Survey. The Tennessee Elevation
LiDAR database provides elevation data and the majority of GPS locations (with 1-2
foot contour) in State of Tennessee. Based on the elevation data, the road grade of each 1

Hz measurement is calculated by dividing the elevation difference between current and

3 ViriCiti Inc. DataHub. https://viriciti.com/datahub/

4 Dark Sky Weather API. https://darksky.net/dev/docs
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previous measurements by the driving distance. We have to acknowledge that there are
limitations on using geographic information system data to calculate road grade, because
road grade normally does not match the general slope of the land. Particularly, major
roads are constructed to reduce grade if the terrain is hilly. We use the road grade data
based on Tennessee Elevation LIiDAR database, but will look for better road grade data if
they are available. The driving data are collected from transit buses running on all routes
operated by CARTA, as shown in Figure 2.1(a), and typical driving trajectory for each
route is presented in Figure 2.1(b). The routes represent typical mountainous terrain
patterns in the region, which is surrounded by the Tennessee River and the ridge-and-
valley Appalachians. The driving cycles have speeds up to 40-50 kph and an acceleration
range of -2 to 2 m per second.

Table 2.1 Chassis and Engine Information for Gillig Model Year 2014 Diesel and Hybrid
Buses

Characteristic Diesel Bus Hybrid Bus

Seat Capacity 32 seats 32 seats

Model year 2014 2014

Hybrid architecture N/A Parallel

Powertrain Engine: Cummins ISL  Engine: Cummins ISB
Motor: Allison H40EP

Powertrain Power 264 kW 261 kW (209 kW for engine)

Curb weight 11,600 kg 12,400 kg

Engine Storage System Weight N/A 440 kg
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Figure 2.1 Route map (a) and typical driving trajectories for bus routes (b) of
Chattanooga Area Regional Transportation Authority (CARTA)

2.3 Comparison of Hybrid and Conventional Diesel Buses

In Figure 2.2, the distribution of amount of time spent in vehicle specific power
(VSP), speed, and road grade bins for diesel and hybrid buses are compared. VSP is an
evaluation metric for vehicle energy consumption and emissions. As stated in [48], “it is
the sum of loads resulting from aerodynamic drag, acceleration, rolling resistance, and
hill climbing, all divided by the mass of the vehicle”. VSP is calculated by dividing the
instantaneous power for kinetic, potential, rolling, and aerodynamic resistance by vehicle

weight,
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The unit for VSP is KW per ton. VSP is considered to be a surrogate measurement
for the instantaneous power demand of a vehicle normalized to its own weight and has

been used in recent literature [49, 50]. Figure 2.2 show similarities in driving status and

road grade conditions for the diesel and hybrid buses.
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Figure 2.2 Vehicle specific power, speed and road grade distribution comparison of diesel
and hybrid driving.

Figure 2.3 shows the average fuel consumption rates of diesel and hybrid buses as
a function of instantancous VSP with 1 kW/ton interval. VSP measures a vehicle’s
tractive power normalized to its own weight. Thus, the comparison in Figure 2.3 accounts
for the difference in the weight of hybrid and diesel buses. Each average fuel
consumption rate was averaged over at least 2,000 instantaneous measurements to ensure
statistical robustness. The results show a positive relationship between VSP and the bus

fuel consumption rate. However, the slope of the curves decreases when VSP is greater
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than 15 kW/ton. This observation is expected and is consistent with previous studies [51,
52]. Similar patterns of fuel savings for hybrid buses were observed in other studies [53,

54].
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Figure 2.3 Mean fuel rate (liter per hour) and 95% confidence interval (shaded area) for
diesel and hybrid bus as a function of instantaneous vehicle specific power bins from 0 to
18 kW/ton with 1 kW/ton interval.

Figure 2.4 reports the percentage of fuel savings for hybrid buses compared with
diesel buses, accounting for driving speed and VSP. The results are controlled in three
speed categories: (1) 1 to 40 kph (equivalent to 25 miles per hour), (2) 40 to 80 kph
(equivalent to 50 miles per hour), and (3) above 80 kph. These three categories
correspond to typical local, arterial, and highway driving conditions. This categorization
is consistent with that used in MOVES, a widely used model for vehicle energy and
emission analysis [55]. Figure 2.4 shows that the fuel benefits of hybrid buses vary,
depending on driving conditions. For local driving (speeds up to 40 kph), the fuel savings
for hybrid buses increase linearly as the VSP increases. The fuel savings could be as little

as 0% at low VSP (5 kWi/ton) or as high as 70% at high VSP (17 kW/ton). In local

driving, the high VSP typically represents aggressive acceleration from stop or low
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speeds during heavy traffic or from bus stops. Under arterial driving conditions (speeds
between 40 and 80 kph), hybrid buses have the same fuel efficiency as the diesel buses
until the VSP is greater than 15 kW/ton. At a VSP of 18 kW/ton, the fuel savings are
approximately 10%. The high VSP in arterial driving typically corresponds to aggressive
acceleration to avoid heavy traffic. For highway driving, the fuel efficiency of hybrid
buses is worse than diesel buses when VSP is greater than 5 kW/ton. However, steady
highway driving does not appear to account for drivers that are “dithering” the pedal,
which would result in vibrative power demand and create charging opportunities for
hybrid buses. Very high-resolution speed data are needed to perceive the “dithering”
effect, which may be a direction for future data collection and research. [26] found that
the fuel consumption for a hybrid gasoline passenger car is 5-20% worse than a
comparable gasoline car under highway driving conditions with a VVSP greater than 10
kW/ton. [24] showed that a parallel hybrid diesel school bus reported 3-9% worse fuel
consumption rates than a comparable conventional diesel school bus under highway and

arterial driving conditions.
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Figure 2.4 Fuel savings percentage of hybrid buses as compared with diesel buses by
driving speed and vehicle specific power.
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2.4 Development of Fuel Consumption Prediction Model

This study aims to develop ANN-based models for predicting fuel consumption
rates for hybrid diesel transit buses at the microscopic and mesoscopic levels. In the
microscopic model, the fuel rate (liters per hour) is estimated based on velocity,
acceleration, and road grade, as well as other vehicle and road characteristics factors at 1
Hz frequency. In the mesoscopic model, fuel estimates are based on aggregated traffic
pattern information for trip durations of 5, 15, 30, and 60 min. As shown in Figure 2.5,
the model development and applications are illustrated in three modules. In the 1st
module, which is referred to as “data preparation.”, vehicle trajectory and fuel
consumption data at 1 Hz frequency are collected and processed into 5, 15, 30, or 60-
minute trip duration average metrics. In the “model development” module, artificial
neural network models are built for 1 Hz data and aggregated data at different trip
durations to estimate the fuel rates of hybrid buses. In each model, the dataset was
divided into datasets of training, validation, and testing. Training data was used to fit a
prediction model. The validation set was used to perform parameter/model selection and
to cope with overfitting, which is considered part of the training process. The testing set
was used to evaluate model performance. The prediction results were at the same time
resolution of the input data, as prepared in “data preparation” module. Finally, in the
“model application” module, the developed models can be applied at different time
resolutions with various input variables, depending on the specific applications. This
approach provided flexibility in model application, particularly given that users have

varying degrees of access to the input data.
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Figure 2.5 Flowchart of the main tasks.
2.4.1 Data preparation

The microscopic model predicts fuel consumption rate (liters per hour) using
vehicle speed/velocity, acceleration, road grade, ambient temperature, and VSP at 1 Hz
frequency as the input variables. To prepare mesoscopic models, the collected 1 Hz data
are processed into 11 independent variables and the predicting variable, i.e., fuel
consumption rate (liter per 100 km), as shown in Table 2.2. The ability to capture
temperature data was helpful for both microscopic and mesoscopic models to infer fuel
consumption used for air conditioning since all the buses in this study were not equipped
with a heating burner. Passenger load can influence the fuel consumption of buses,
particularly under heavy load conditions [56]. However, passenger load information was
not included in the data that was collected for this study. However, obtaining this

information may be a future direction for data collection and future research.
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Table 2.2. Description of mesoscopic model input data.

Symbols Descriptions
n The index of analysis snippet
T The time span of an analysis snippet (i.e. 5min, 15min, 30min, 60min)
t The index of second in an analysis snippet, t={1,2,..., T}
A The cumulative distance at second t of snippet n (mile)
vl The instantaneous speed at second t of snippet n (kilometer/hour)
fr The cumulative fuel consumed at the end of snippet n (gallon)
7 The average speed of snippet n (mile/hour)
vo" The standard deviation of speed in snippet n
ar The average acceleration of snippet n (meter / second?)
at The instantaneous acceleration at second t of snippet n (meter / second?)
ac™ The standard deviation of acceleration in snippet n
VSP! The vehicle specific power at second t of snippet n (kW/Metric Ton)
n The elevation of vehicle at second t of snippet n (meter)
gt The road grade at second t of snippet n (%)
go" Standard deviation of road grade at second level in snippet n
g" The road grade at snippet n (%)
st The driving status index of a bus at second t of snippet n, 1=moving,
otherwise 0
q" The total number of stop-and-go driving events in snippet n
s" Percentage of time in stop position during snippet n
wi The ambient temperature at second t of snippet n (°F)
r’ Average fuel consumption rate in snippet n (liter per 100 km)

(1) Average speed (kilometer/hour) in snippet n: v" = d%l;i,v n.

(2) Standard deviation of speed in snippet n: ve™ = I

— Z?:z(”?_vt?—ﬂ - v vy

(3) Average acceleration (meter/second?) in snippet n: a® = o R

,/Zﬂl(a?—d")z

T-1

(4) Standard deviation of acceleration in snippet n: ac™ =

(5) Stop-and-go times in snippet n: sg™ = ¥T_,|st — sf 4|
A A T_ Sn

(6) Stop rates in snippet n: s™ = %

T n
_ Zt=1Wi

(7) Average ambient temperature (°F) in snippet n: w" = T
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(8) Average road grade at second level in snippet n: g™ -

(9) Standard deviation of road grade at second level in snippet n: go™ = r—

(10) Road grade in snippetn: g™ = l,ﬁ;{i
ar-d?

(11) Average Vehicle Specific Power (VSP) (kW/Metric Ton) in snippet n: VSP™ =
T n
2= \where, VSP = vi(11a} +9.81g7 +0.132) +3.02 x 10™*(v})?, with
v} in meter/second and al* in meter/second? [48].

n_ sn—1
(12) Fuel used rate in snippetn: r™ = -t vn,f%=0.

dg-dt ’

2.4.2 Artificial neural networks development

The artificial neural network (ANN) approach was employed to estimate fuel
consumption rates using the prepared data. An ANN model processes information in the
same way that the human brain processes information [57]. Specifically, an ANN model
contains input, along with hidden and output layers, and each layer contains data
processing components called neurons. These neurons or processing components are
connected to each other and can form complex nonlinear models through activation
functions. The activation function determines the value of the neurons in the next layer or
the output, based on the values and coefficients of neurons in the current layer. Thus, the
ANN model can identify the relationship between input and output variables by exploring
different forms and weight combinations of neurons in the input and hidden layers, which
makes the ANN model a perfect candidate model to be used in this study. For example, a
previous study showed that air conditioning (AC) loads in buses can consume significant

amounts of energy [53]. However, the measurement data did not include AC auxiliary
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power. To account for AC loads in fuel consumption, ambient temperature is included as
an input variable in the estimation model. The relationship between temperature and fuel
consumption of buses is not a linear relationship, but a convex quadratic relationship with
higher fuel consumption at high and low ends of the temperature spectrum. Thus, the
ANN model is capable of representing complex nonlinear relationships.

The activation function is responsible for transforming the set of neurons in one
layer into a given neuron or output in the next layer. There are two major types of
activation functions: the nonlinear activation function and the linear activation function.
Nonlinear activation functions allow neural network models to represent complex
relationships using only a small number of input variables. Therefore, several major types

of nonlinear functions were tested to identify the functions that maximize the

predictability of the model. These functions are the sigmoid function (Ti_x), the tanh-
2

sigmoid function (-——

— 1), and the rectified function (max {0, x}).

Due to severe computations on the high dimensional data when training the ANN

models, it is a common practice to scale input data using normalization, x; =

Lm(x) where X is the observation for the parameter and min(x) and max(x) are
max(x)—min (x)

the minimum and maximum observations respectively. Clearly, the performance of an
ANN model depends on its configuration. Selecting more hidden layers may increase the
accuracy of the network but can increase training time due to its complexity and may
result in overfitting. [58] proved that a neural network with up to two hidden layers is
sufficient to represent complex, nonlinear relationships. Moreover, the experimental
results in this paper reveal that the first and second hidden layers should contain an equal

number of neurons so that the network can be trained easily. The number of neurons in
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hidden layers are generally determined by using a trial-and-error method (Maier and
Dandy, 2001). A frequently used upper limit for the number of neurons in a hidden layer

is N, < 2N; + 1, where Ny, is the number of neurons in the hidden layers and N; is the

St
N;+1'

number of input variables [59-61]. Additionally, [62] recommend N;, < where S, is

sample size of training data to avoid overfitting. In this study, the minimum of the two N},
is chosen as the upper limit for the number of hidden layer neurons. To get the best
approximation of the hidden layer neurons, the number of neurons can be reduced, and
training is done to determine whether the network converges to the same solution.

The measurement data are randomly partitioned into training, validation, and
testing datasets as 70%:15%:15% [63]. Specifically, an ANN model is trained using the
training set. Then, before testing for prediction performance, training progress is
monitored by using independent data, i.e., the validation set, to measure how well the
neural network is generalizing outside of the training set. Only models that satisfy our
prediction performance threshold on the validation set will be chosen and used for
predictions using the test set.

2.5 Results and discussion
2.5.1 Microscopic model selection and prediction performance

Data that are collected at 1 Hz frequency are considered to be independent
variables in the microscopic model. These data include engine speed, wheel-based speed,
acceleration, road grade, ambient temperature, and VSP. The best model yields a mean
absolute percentage error (MAPE) of 36%, R2 of 0.96, and a mean absolute error (MAE)
of 1.5 L per hour, although there are several model setups that have similar prediction

performance metrics. The prediction metrics are calculated by comparing the predicted
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and actual fuel consumption of each 1 Hz record. Then, the results are averaged or
aggregated to obtain the metrics. Figure 2.6 compares actual and estimated fuel
consumption rates (liters per hour) at every second for one randomly chosen trip. The
results show a general alignment between the actual and estimated fuel consumption rates.
However, estimation randomness can lead to larger absolute percentage errors at small
(i.e., small denominator when calculating the percentage error) fuel consumption rate
occurrences. Therefore, the MAPE of 36% for the 1 Hz level prediction is primarily

determined by errors at small fuel consumption occurrences.
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Figure 2.6 Second-by-second actual fuel consumption rate (liter per hour) versus
estimated fuel consumption rate for one trip.

The fuel consumption predictions are accumulated into 5, 15, 30, and 60-minute
average fuel consumption rates and compared with actual values. We acknowledge that
evaluating the microscopic model using cumulative error over a trip could overlook
variations in prediction error at the 1 Hz level. Since the targeted user scenario of the
proposed models is transit operation planning, the focus was on trip level results,

although the prediction was done at 1 Hz level.
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Trips are formed by aggregating the continuous 1 Hz data with equal time
durations of 5, 15, 30, 60-minute. Each 1 Hz record contained the actual and predicted
fuel consumption from our microscopic model. For each trip, the fuel consumption over
the 5, 15, 30, and 60-minute durations was aggregated over actual/predicted values and
compared to obtain the absolute percentage error of the prediction. Figure 7 presents a
boxplot of the absolute percentage error (%) for the microscopic model at aggregated
levels. It shows that when fuel predictions are aggregated between 5 and 60 min, the
mean absolute percentage error reduces as the trip duration increases. However, the
MAPEs were near or below 2%, which demonstrated the capability of the microscopic
model to predict 1 Hz fuel consumption rates and achieve high accuracy at 5 to 60-

minute trip levels.
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Figure 2.7 Boxplot of absolute percentage error for microscopic model predictions
aggregated at 5, 15, 30, 60 minutes. The bar within each box represents the median
absolute percentage error and the two sides of box correspond to 1% and 3™ quartiles. The
diamond (with number) in a box is the mean value.
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Figure 2.8 compares the absolute percentage prediction error for the ANN model
and the non-neural network linear regression model as a function of trip duration (left)
and instantaneous vehicle specific power (right). For Figure 2.8 (right), the measured and
predicted fuel consumption data at 1HZ were averaged based on each VSP bin from 0 to
15 kW/ton to report prediction error. The MAPE and confidence intervals of the ANN
model were consistently lower than those of the linear regression model, although the
differences seemed to diminish as the trip duration increased. Specifically, the MAPE of
the ANN model was consistently near 2%, while it was reduced from 6% to 2% for the
linear regression model when the trip duration increased from 5 to 60 min. This reduction
was expected, as shorter trip durations typically constitute more dynamic traffic and
driving conditions. Thus, the ANN model can capture changes in fuel consumption more
effectively using complex model formats. When accounting for VSP, the ANN model
outperformed the linear regression model in all of the VSP bins. The improvements in

prediction error are significant in low VSP areas (VSP < 3 kW/ton) for the ANN model.
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Figure 2.8 Mean absolute percentage error and 95 percentage confidence intervals for

predictions of artificial neural network (ANN) model and linear regression model with
the same independent variables as a function of trip duration (left) and vehicle specific
power (right).
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Table 2.3 Description of Microscopic level ANNs Configuration Selection Process.

Neurons
Hidden layers 1st layer ond layer MAE (liter/hour) RMSE MAPE (%) R?

1 13 1.6 2.4 38 0.95
1 2.4 3.2 72 0.92
2 13 13 1.6 2.3 36 0.95
11 11 1.5 2.3 36 0.96
1 1 2.2 3.1 71 0.93

* The results are just for illustration rather than listing all tested microscopic models.
2.5.2 Mesoscopic model selection and prediction performance

The mesoscopic model predicts fuel rates over a time period based on aggregated
traffic pattern factors. Different model configurations were compared to determine the
best prediction model (Table 2.4). The best model yielded a MAPE of 8.9%, R2 of 0.91,
and an MAE of 4.0 L per 100 km. The prediction metrics were calculated by comparing
predicted and actual fuel consumption per km of each 5-minute trip. The average fuel
consumption rate was 45 L per 100 km, i.e., 5.2 miles per gallon, which is consistent, in
terms of magnitude, with the average fuel consumption rate for diesel hybrid buses
reported by [45].

Table 2.4 Description of Mesoscopic Level ANNs Configuration Selection Process.

Hidden layers  Neurons MAE (liter/km) RMSE MAPE (%) R?
1% layer 2" layer

1 23 0.04 0.025 94 0.84
6 0.03 0.024 9.2 0.91
1 0.04 0.028 114 0.85

2 23 23 0.04 0.025 9.6 0.86
1 1 0.04 0.028 114 0.79

Figure 2.9 (left) presents boxplots of absolute percentage error (%) for the
mesoscopic model at 5, 15, 30, and 60-minute trip durations. Similar to the microscopic

model, the MAPE of the mesoscopic model generally decreases as the trip time increases;
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however, it remains flat when the trip time is greater than 30 min. Figure 2.9 (right)
evaluates the prediction error as a function of speed for each trip duration by
differentiating trips by speed ranges of 1-40 kph and 40-80 kph for each trip duration.
The former trips correspond to typical urban driving, while the latter trips represent a
combination of driving under urban, arterial, and highway conditions. There are limited
data points to develop robust statistics on travel with an average speed of 40 kph for 30
and 60-minute trips. This lack of data is understandable, given that the average speed of a
transit bus in the United States is 22 kph [64]. As a result, a limited number of 30 or 60-
minute trips would achieve average speeds above 40 kph. The MAPEs of 40-80 kph trips
were higher than those of trips below 40 kph for 5 and 15-minute trips. Thus, higher
uncertainty exists when predicting fuel consumption at high-speed driving, which

normally consists of a combination of urban, arterial, and highway driving.
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Figure 2.9 Boxplot of absolute percentage error for mesoscopic model predictions at 5,
15, 30, and 60-minute trip duration (left) and discriminating by speed category (right).
The bar within each box represents the d absolute percentage error and the two sides of
box correspond to 1% and 3™ quartiles. The diamond (with a number) in a box is the mean
value.

34



The mesoscopic model is based on eleven independent variables that are averaged
at different trip durations to predict the fuel consumption rate of hybrid buses. Clearly,
models with more input variables would result in stronger correlations with output
variables and yield better prediction performance. However, due to challenges in data
collection, the eleven variables may not be readily available. In this study, we explore the
impacts of data availability on the performance of mesoscopic prediction models. First,
three scenarios are established, which represented three levels of data availability.
“Scenario 1” contained only the average speed variable, which is the minimum data
requirement. This scenario is applicable because the average speed of a road network is
regularly monitored by transportation authorities. “Scenario 2” contained average speed
and road grade variables. This scenario combines traffic data and infrastructure data that
are normally available to transportation practitioners. “Scenario 3” contained the eleven
independent variables. For each scenario, a model selection procedure is conducted and
the optimal model configuration is presented in Table 2.5. A higher MAPE was expected
for scenarios with fewer input variables. The single input variable, Scenario 1, had a
MAPE of 14%, which was the largest. Studies have used average speed as the sole piece
of information to predict the fuel consumption of vehicles, such as the Motor Vehicle
Emission Simulator [55, 65] and. However, a few recent studies have adopted single
input variable prediction models, due to concerns regarding prediction accuracy [49]. The
MAPE of the best model in Scenario 2 is 12%. The speed and road grade variables in
Scenario 2 have been used in recent studies [52, 66, 67]. Specifically, speed and road
grade can be used to calculate VSP, which is an effective proxy for vehicle power

demand [48].

35



Table 2.5 Comparison of optimal ANN model configurations under different data
availability scenarios.

= IayerNe“rOZr;S e MAE(iterkm)  MAPE(%) R
Scenario 1 2 -- 0.06 14 0.77
Scenario 2 4 -- 0.04 12 0.82
Scenario 3 6 -- 0.03 9 0.91

Figure 2.10 compares the MAPE of fuel consumption estimates at 5, 15, 30, and
60-minute duration for the three scenarios in the mesoscopic and microscopic models.
Within each scenario, it is observed that using data with longer trip durations led to
improved prediction performance. This finding was expected because averaging longer
time periods can reduce noise in data, which can improve prediction accuracy. However,
averaging data into longer periods is not necessarily a better practice. The mean absolute
percentage errors of the microscopic model were less than 2%. However, the extra effort
to obtain detailed trajectory data must be balanced with improvements in prediction

accuracy to justify the use of the microscopic model.

—
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Meso Model-S2
Meso Model-S3
Micro Model

e
ral L LR = L
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Figure 2.10 Mean and 95 % confidence (shared area) absolute percentage error for
microscopic and three scenarios of mesoscopic models as a function of trip duration.
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Relevant literature on fuel consumption estimation of transit buses are reviewed
and their input variables and model setup are summarized in Table 2.6. Those models
used input data at either 1 Hz or trip-average granularity. The prediction outputs were
liters per hour for 1 Hz level prediction or trip-average fuel consumption rate (liters per
kilometer). The input data (1 Hz and 5-minute average granularity) from this study were
applied to models from the literature to compare their prediction performances with our
models. Table 2.6 summarizes the comparison results. The MAPEs of trip-level models
from the literature ranged from 12% to 22%, which are consistent with the MAPEs
reported in the literature using their data. The MAPEs of our models are between 5% and
8%. Three out of the four trip-level models in the literature utilized linear regression-
based methods. The other models used the supporting vector machine (SVM) method and
reported a MAPE of 12%. The two 1 Hz microscopic models adopted quadratic and
exponential regression methods and resulted in MAPEs of 47% and 59%, respectively,
which were also aligned with results in their studies. If the 1 Hz prediction results are
aggregated into 5 to 60 min, their MAPEs are between 5% and 9%. The comparison
shows the potential of the ANN model to accurately predict the fuel consumption of

buses under real-world driving conditions.
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Table 2.6 Comparison with fuel consumption estimation models in literature.

Method type  Input variables Granularity MAPE
This study ANN Speed (average), Trip
acceleration, grade, 5-8%
temperature, VSP
Frey et al. [50] Regression V'SP Trip 12%
Delgado etal. [68]  Regression Speed (average), Trip 22%
acceleration
Lpez-Martmez et Regression Speed (average, Trip 18%
al. [28] max), acceleration,
Zeng et al. SVM Speed (average, Trip 12%
variance)
[52]
This study ANN Speed, acceleration, 1 Hz 36% (1 Hz)
grade, temperature 1-2% (aggr.
at 5-60 min)
Wang and Rakha Regression- VSP 1Hz 47%
[47,51] quadratic 1-2% (aggr.
at 5-60 min)
Hung et al. [69] Regression- Speed 1Hz 59%
exponential 1-2% (aggr.
at 5-60 min)

2.6 Conclusions

Hybrid buses have gained popularity in recent years due to their potential savings

in transportation fuel. Estimating fuel consumption for hybrid diesel buses is challenging

because their operation and driving conditions are diversified. In this paper, we proposed

ANN microscopic and mesoscopic models to estimate the fuel consumption of hybrid

diesel buses based on long-term transit bus monitoring data collected from CARTA. The

microscopic model predicted instantaneous fuel consumption rates based on driving,

grade, and environment variables at the same frequency. The ANN-based microscopic

model results showed 1-2% of cumulative absolute error when aggregating second-level

results to 5 to 60-minute trips. The results showed that ANN models can achieve lower

error, compared to linear regression models, using the same input variables. The
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mesoscopic model predicted average fuel rates for 5 to 60-minute trip durations based on
traffic factors for the same period. Our results show that the absolute prediction error for
mesoscopic models ranged between 5 and 9%. This range is higher than that of the
microscopic model; however, the independent variables of the mesoscopic model, e.g.
average traffic speed, congestion level, etc., are typically monitored by the local
transportation authority. The experimental data contained 1 Hz data of hybrid and diesel
buses that have similar driving conditions in terms of speed, engine demand, and road
grade. Our investigation of fuel rates showed that hybrid buses have the largest fuel
savings during low-speed driving with high acceleration and no or increased fuel
consumption during highway driving. The electric motor of hybrid buses normally
engages to supplement or replace a portion of propulsion provided by the diesel engine at
low-speed driving with high acceleration, which can help achieve better fuel efficiency.
Similar fuel savings were observed in hybrid passenger car experiments that can be found
in the literature. One limitation of this study is that the experiment did not collect
operational data for electric motors within the hybrid bus. Therefore, we could not fully
understand the energy management system mechanism within the hybrid bus. One future
research direction may be to collect and leverage electric motor operation data from
hybrid buses to better understand their fuel-saving mechanism. Another future research
direction may be to collect passenger load information on buses and assess the impacts of
passenger load on the fuel consumption of hybrid buses under real-world driving

conditions.
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Chapter 3
Assessing the Impacts of Ridesharing Services: An Agent-based

Simulation Approach®

®Sun, R., Wu, X. and Chen, Y., 2022. Assessing the impacts of ridesharing services: An

agent-based simulation approach. Journal of Cleaner Production, p.133664.
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Abstract

A shift from privately owned vehicles to shared mobility services can affect
mobility, energy consumption, and vehicle emissions. Existing literature on ridesharing
services has focused on evaluating their traffic and economic impacts. In this chapter, an
integrated framework is proposed to analyze the efficiency and environmental benefits of
ridesharing on a regional scale. The framework utilizes an agent-based traffic simulation
package (i.e., SUMO) to replicate traffic activities for commuting trips in a mid-size city,
Chattanooga, Tennessee, based on real-world travel-demand data. Scenarios representing
different ridesharing strategies and penetrations are constructed. The simulation and
results analysis shows that with a ridesharing ratio of 5% to 75% over travel demand on a
city scale, many (65%-75%) ridesharing travelers will experience up to a 15-minute
delay. About 80% of drive-alone travelers will arrive earlier compared with no
ridesharing scenario. The average early arrival time would be 5.6 minutes for all drive-
alone travelers. The results also show ridesharing services can achieve a 2%-50%
reduction in total city-scale vehicle emissions and energy consumption compared with
the no ridesharing scenario. The framework and results of this study can be helpful to
transportation practitioners to evaluate environmental benefits when implementing
ridesharing services on a city scale.
3.1 Introduction

Road transportation is a major consumer of energy and a contributor to air
pollution [70, 71]. Shared mobility is considered an effective way to enhance efficiency
in the road transportation system [72]. Shared mobility is an innovative transportation

strategy that provides users with short-term access to transportation on demand. The
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definition of shared mobility includes various formats, including carsharing, ride-hailing,
and ridesharing. These services aim to break traditional car ownership, instead providing
users with travel options through a pay-per-use approach. In recent years, there has been
rapid development and commercialization of ridesharing services (e.g., Uber, Lyft).
Ridesharing is defined as an arrangement where two or more people from different
households share the use of a privately owned car for part of a trip and share the driving
expenses [20]. Rideshare services have the potential to eliminate traffic congestion and
reduce vehicle emissions based on studies in different localities [31, 73, 74].

Despite progress in ridesharing services, knowledge gaps still exist, and this
prevents transportation practitioners from fully understanding the potential impacts of
ridesharing services. As stated by Yu et al. [31], “most of the existing studies are mainly
drawing on the survey data or the small-scale trip data instead of the raw observed order
information.” In the limited studies based on empirical ridesharing data, their conclusions
are retrospective and do not offer insights for future scenarios, which are important for
transportation practitioners in evaluating various ridesharing policies. Any tools
developed should have the capability to consider individual-level behavior when
evaluating ridesharing impacts [32]. Thus, the research questions to address in this study
are: (1) how to develop an environmental impact evaluation framework for ridesharing
services that consider individual-level (i.e., agent) behavior changes; and (2) how to
implement scenario analysis that can be used by transportation practitioners to evaluate
the potential impacts of various ridesharing strategies.

In the literature, researchers studied rideshare services in terms of behavior,

operation management, and impacts on traffic networks and the environment. Research
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related to the behavior of rideshare focused on the motivations and constraints of people
using rideshare services. The literature shows that people use rideshare services due to
their benefits in cost savings [75, 76] and time savings [77, 78]. People’s
sociodemographic characteristics have been shown to influence their choice of
ridesharing services [20, 79, 80]. Various types of the online and offline driver—passenger
matching algorithms have been developed to improve operational efficiency in
ridesharing services [81-85].

Recently, studies have focused on the impacts of rideshare on congestion, energy
consumption, and the emission of transportation. The impacts of rideshare on congestion
have been well studied [86-89]. But the energy and environmental impacts of ridesharing
services are less studied. Some studies employed travel survey data to investigate the
environmental and energy impacts of rideshare. Caulfield et al. [90] explored the
environmental benefits of ridesharing in terms of reductions in emissions and vehicle
kilometers traveled based on analyzing the 2006 census of Ireland. Minett et al. [91]
estimated the energy savings of ridesharing for leisure trips in San Francisco is about 1.7
million to 3.5 million liters of gasoline per year, or 200 to 400 liters for each participant,
based on ridesharing opinion data. Other studies used similar approaches with survey
data to analyze the energy and emission benefits of ridesharing services in other countries,
like China [31], Canada [73] and globally [92]. Although these surveys were rigorously
implemented, the data can only represent survey participants’ choices under hypothetical
conditions. When investigating the energy and emission benefits of ridesharing services,

it is important to consider a bottom-up approach that can quantify the benefits at the
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individual level and evaluate how changes in driving trajectories can lead to changes in
aggregated vehicle emissions.

Agent-based traffic simulation is a technique that can model the transportation
system as a collection of autonomous decision-making agents, i.e., travelers, and simulate
their movements in the system [93]. It has the advantage of modeling a complex
transportation system by tuning the interactions among independent decision-making
agents. It is possible to evaluate various traffic management policies in traffic simulation
and gain insights into the system that would not be possible a priori. Recently, limited
studies began to utilize agent-based traffic simulation tools to study the impacts of
various formats of shared mobility. Becker et al. [94] established a multimodal traffic
simulation application in MATSIim to evaluate the economic and travel time impacts of
car sharing, bike sharing, and ride-hailing. They simulated the road network in Zurich,
Switzerland, and implemented scenarios with different shared car or bike fleet sizes.
Other studies used similar traffic simulation tools to assess car sharing [95, 96], shared
autonomous taxis [97], and transit first- and last-mile connections [98]. Thus, agent-based
traffic simulation can be a viable method to study the impacts of ridesharing at the
transportation system level.

This review of the literature shows that there is a knowledge gap in the literature
regarding developing an environmental impact evaluation framework for ridesharing
services with consideration of individual-level (i.e., agent) behavior changes. In addition,
to be useful for transportation practitioners, the developed framework needs to have
scenario analysis capability that can evaluate various ridesharing strategies for

comparison purposes. In this study, we propose an integrated framework to analyze the
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efficiency and environmental benefits of ridesharing on a regional scale. Specifically, the
framework utilizes an agent-based traffic simulation package (i.e., SUMO) to replicate
traffic activities for commuting trips in a mid-size city, Chattanooga, Tennessee. We
utilize real-world travel origin and destination demand data for the city and develop a
heuristic matching algorithm for arranging ridesharing trips among travelers. We
construct scenarios representing different ridesharing strategies and penetrations. Last,
efficiency (delay at system and individual levels) and environmental performance are
evaluated and compared among different ridesharing scenarios.

The remainder of this chapter is organized as follows. Section 3.2 presents the
traffic simulation methodology, data sources, and construction of simulation scenarios.
Section 3.3 discusses simulation results and analyzes road network efficiency and
environmental impacts due to the implementation of ridesharing services. Section 3.4
discusses our study and points out some policy implications for transportation
practitioners Section 3.5 provides the conclusions and future research directions of this
study.

3.2 Methodology

To assess the energy and environmental impacts of ridesharing services, we
configure an integrated framework to run scenario-based traffic simulations and analyze
traffic outputs for environmental impacts (Figure 3.1). The traffic simulation is
implemented through Simulation of Urban Mobility (SUMO). SUMO is a highly
customizable, open-source microscopic traffic simulator built on an agent-based
simulation concept [99]. Additionally, SUMO provides an interface, TraCl, that allows

real-time extracting and passing parameters with a simulation [100]. The framework
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contains three modules: data preparation, shared mobility simulation, and output analysis.
In the “Data Preparation” module, road information is prepared to digitally represent the
traffic network in the traffic simulator SUMO. We obtain travel demand origin and
destination (OD) matrix data from the metropolitan planning organization of Chattanooga.
The travel demand OD matrix is based on the traffic analysis zone (TAZ) and contains
hourly vehicle trips between each OD TAZ pair. We assign TAZ-level trips to specific
road links according to the land use characteristics of each TAZ. In the “Shared Mobility
Simulation” module, a shared mobility toolbox is built using Python. It allows convenient
setting of simulation parameters for scenario specifications. In addition, the toolbox
enables in-route driver—passenger matching for shared mobility vehicles to maximize
matching efficiency. Once scenario-specific simulations are done, the toolbox can
process the outputs and generate results at vehicle level (i.e., vehicle trajectory at 1Hz
frequency) and road link level (i.e., hourly average speed, density, and volume). The
“Output Analysis” module analyzes simulation results and evaluated share mobility
impacts on traffic, travelers’ schedules, and the environment under various scenarios. For
traffic impact analysis, we aggregate 1Hz vehicle trajectory results into 5- or 15-minute
link-level average speed and volume. We evaluate changes in link-level traffic stream
characteristics under different rideshare scenarios. For traveler schedule impact analysis,
we track and compare the travel time for each individual under base and various rideshare
scenarios. For environmental impact analysis, we obtain 1Hz vehicle emissions of CO2,
PM, and NOx as provided by SUMO. Vehicle emissions reported by SUMO are based on
well-calibrated regulatory vehicle emission model HBEFA and PHEMIight [101] and

have been widely used in relevant literature [102-104]. We aggregate the 1Hz vehicle
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emission at the trip, link, and network levels to evaluate the environmental impacts of

various shared mobility scenarios.
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Figure 3.1 Framework of the shared mobility simulation.

For the core part of “Shared Mobility Simulation,” the process is as follows:

1. Vehicle trip generation. A vehicle trip contains OD road links for vehicle travel.
The OD matrix data provide the number of trips between each TAZ pair. We assign each
trip to one road link in the origin TAZ and one link in the destination TAZ, based on land
use and other link features (e.g., length, traffic volume, etc.). At this step, we divide all
vehicle trips into two travel modes, i.e., driving alone and shared rides. The ratio between
the two modes can vary under different share mobility scenarios.

2. Route generation. Given OD links for each drive-alone vehicle trip, we find the

route of road links for each trip. We employ SUMO’s DUAROUTER algorithm to search
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for the route. This algorithm applies a dynamic user equilibrium method to determine the
shortest path for each trip based on time-dependent travel time and costs on road links.
The time-dependent individual vehicle routes can be used to calculate the arrival time and
schedule delay of each traveler. When aggregating individual vehicle routes, we can
obtain link-level traffic volume and speed patterns that can be used to evaluate link-level
and network-level traffic and environmental impacts from various shared mobility
scenarios.

3. Matching passengers with shared vehicles. For rideshare travel demand, we
develop a heuristic vehicle—passenger matching algorithm to match passengers with
shared vehicles. The pseudocode of the algorithm is shown in Figure 3.2. The main
purpose is to ensure every rideshare passenger is served. The algorithm tries to reduce
waiting time for riders and minimize routing time for shared vehicles. It first searches for
available vehicles that can pick up a rider within 5 minutes of the desired departure time.
If a vehicle is identified, the vehicle’s route will be modified to pick up the rider and
continue to its destination. A shared vehicle is allowed to pick up as many as 3
passengers. When multiple riders are picked up, the shared vehicle drops off passengers
in an order that considers both distance to the destination of each rider and the pickup
order of riders. If no available vehicles are found in the initial 5-minute window, the
algorithm extends the window to 10 minutes and then 20 minutes. At the 20-minute time
window, most shared mobility riders can find a matching vehicle.

The experiment scenarios constructed in this paper are based on real-world data
for the city of Chattanooga, Tennessee. This city has a population of 182,803 and is set

along the Tennessee River in the foothills of the Appalachian Mountains in the Southeast
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region of the United States. It has a motorization index of 951 vehicles per 1,000 people
[105]. According to Tennessee Department of Transportation data, 82% of commuting
trips are fulfilled by driving cars and 10% of commuters regularly or sometimes used
ridesharing services. Chattanooga was designated as an air quality nonattainment area
mainly due to its high vehicle-related emissions. Chattanooga commuters spend an
average of 20 minutes traveling one way [106]. Thus, Chattanooga is an ideal testbed for
our ridesharing framework given its high vehicle ownership, travelers’ openness to
rideshare services, and air quality problems due to vehicle-related emissions. In this study,
we quantify the traffic and environmental impacts of various ridesharing scenarios in

Chattanooga.
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Algorithm 1: Ride matching algorithm
Result: Mapping set of rider to car M = {r : ¢};
Initialization:
Available cars AC, = () for rider r and a set of cars fully occupied FIC = {;

for r € R do
Statements of depart time (dt,), depart position (pos,.) for each rider r, and depart time

(dt.), depart position (pos,.) for each candidate shared car c;

while length(AC,) = 0 do
Search available cars for each rider r within the time widow

TW, = [dt, — 2T, dt, — T7;
forc e C do
if dt.€ TW, & ¢ ¢ FC then

| AC, + AC, U{c};
end
end
Update length(AC,);
if length( AC, = 0) then
repeat

TW, « TW, + T
Extend TW with time interval T' and continue to search;

until 7'W, [upperbound] > TW, + 2T,
end
end
for c € AC, do
Calculate the path length L(pos., pos,) between available car ¢ and rider r;
Estimate the traveling time 7'(c, 7) < L(posc, pos, )/ speed;
Get time difference ¢(c, r) = T'(pos,, pos,) + dt. — dt.
between the arrival of ¢ at pos,. and departure of r;
end
"« argminct(c,r);
M+—MU{p:c}
if count(c € M) = 4 then

| FC «+ FCU{c};
end
end

Figure 3.2 Pseudocode for the heuristic matching algorithm.

To make our framework more applicable, we utilize real data from Chattanooga
to set up the simulation. We obtain Chattanooga’s TAZ-level OD demand for a typical
weekday from the Chattanooga transportation planning organization. We use travel
demand during morning peak hours (6 to 9 a.m.) as the OD demand in the traffic
simulation. The OD demand shows the number of trips between each TAZ, and each trip
is considered to be fulfilled by one agent. Figure 3.3 visualizes the travel demand for the

746 TAZs in Chattanooga for the morning peak period. Specifically, we categorize all
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TAZs into 10 homogenous TAZ clusters based on socio-demographic information. For
each TAZ cluster, we split the travel demand into driving alone and sharing rides with
different ratios. Specifically, the “Base” scenario assumes all trips are driven alone,
which is comparable to the existing situation in Chattanooga. We define five additional
scenarios that have a share ratio of 5%, 10%, 25%, 50%, and 75%, respectively, of travel
demand to be fulfilled by shared mobility services. According to the literature, the current
ridesharing ratio in Chattanooga is 10% [106] and the national average ridesharing ratio
is 9% [107]. Therefore, the 5% and 10% scenarios are realistic scenarios that reflect the
current ridesharing status. And our framework can evaluate its environmental impacts.
The 25%, 50%, and 75% ridesharing scenarios are built in to explore possible impacts of
future ridesharing scenarios that could be seen as high at present time. Overall, we are to
quantify the environmental benefits of ridesharing in current and future scenarios.

We randomly choose 5%, 10%, 25%, 50%, and 75% of the trips in drive-alone
scenarios to be fulfilled by ridesharing services for the corresponding scenarios. These
travelers will make themselves available to be picked up based on their original departure
times in the drive-alone scenario. They are picked up based on the availability of drivers

and traffic conditions in the road network.
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Figure 3.3 Spatial distribution of passenger cars departing (left) and arriving (right) in
each TAZ of the Chattanooga model area.

3.3 Results

We construct six scenarios in the shared mobility simulation: (a) no share (all
vehicles driving alone); (b) 5% of trips are shared; (c) 10% of trips are shared; (d) 25% of
trips are shared; (e) 50% of trips are shared; and (f) 75% of trips are shared. We first split
passengers according to the proportions of the scenario based on demand and then assign
shared vehicles to each passenger. Table 3.1 summarizes the volumes of passengers,
shared vehicles, and drive-alone vehicles, as well as the average vehicle occupancy for
shared vehicles under each scenario. Various outputs are generated by simulating these
scenarios, including link-level traffic measurements, trajectories of each vehicle, trip-
level information, and person-level trip summary. The link-level traffic measurements
describe macroscopic values such as the average speed, density, and occupancy of the

road link during a specified interval (e.g., 5 or 15 minutes). Trip-level information
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contains the departure time, arrival time, and route length of each vehicle and person and
the sum of all emissions by the vehicle during its journey.

Table 3.1 Summary of trip volume under different scenarios during peak times.

0, 0, 0
] No 5% share 10% 25% 50% 75% share
Trip volume . : share share share .
rideshare ratio . . ) ratio
ratio ratio ratio
Passengers 0 7250 14501 36,252 72,504 10,8755
Shared vehicles 0 6635 12433 28,421 40,246 33,022
Vvehicles 145,007 131122 118073 80,334 32,257 3,230
driving alone
Average vehicle 1 1.09 117 1.28 1.80 2.94
occupancy

3.3.1 Impacts of ridesharing on traffic

Figure 3.4 shows the 5-minute average speed distributions at the link level of the
three scenarios compared with the base scenario during morning peak hours. We observe
that all scenarios have a similar spread of link-level speed ranging from 0 to 88 km/h and
all density lines have two main peak points at a similar segment-level speed; the primary
one lies at around 20 km/h, and the secondary peak is located at about 38 km/h. The
pattern of the distribution indicates that many vehicles are driving at a low speed (20
km/h), corresponding to local collector roads. In addition, another group of vehicles is
driving around 38 km/h, corresponding to arterial or major arterial roads. This implies
that the investigated area encounters traffic congestion during the simulated morning
peak hours. As shown in Figure 3.4, the densities of shared scenarios (5%, 10%, 25%,
50%, and 75% share ratios) at their primary peak point (20km/h) are lower than that of
the base scenario (no share). Differences between the base scenario and the three shared
scenarios at the secondary peak point are also observable, although they are not

statistically significant. These differences reveal that the volume of vehicles driving at a
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relatively low speed is reduced, which means shared mobility significantly contributes to
reducing traffic jams. In other words, ridesharing is capable of easing traffic congestion
during rush hour. In Figure 3.4, we further observe that the reduction of the density at the
primary peak point in the high share ratio scenario is the largest, followed by the medium
share ratio scenario and the low share ratio scenario. As mentioned, these three scenarios
are designed according to the proportions of passengers who would like to share rides
with others. Therefore, the comparison among the three scenarios indicates that the
remission of traffic congestion is determined by the proportion of passengers in the
shared mobility simulation. The higher the proportion of passengers, the fewer vehicles in

the traffic jam.
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Figure 3.4 Distributions of the segment-level speed of three scenarios compared with the
base scenario.
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3.3.2 Impacts of ridesharing on schedule

Besides relieving traffic congestion on the road network, ridesharing has the
potential to affect the travel schedule of individual travelers. Figure 3.5 reports
distributions of changes in arrival time for drive-alone travelers and rideshare travelers.
In the simulations, drive-alone travelers will depart at the same time, but arrival times
will differ due to different traffic conditions in the road network. Ridesharing travelers’
departure (pickup) and arrival (dropoff) times can vary due to driver availability and
traffic conditions on roads.

Figure 3.5 (left) presents the distribution of changes in arrival time for drive-alone
travelers under the three ridesharing scenarios. It shows that most (70%-82%) drive-
alone travelers arrive early compared with their original arrival time in the no-ridesharing
scenario. The early arrival of drive-alone travelers is caused by fewer vehicles on the
road due to some travelers choosing ridesharing services. In all five ridesharing scenarios,
less than 20% of travelers are delayed by more than 5 minutes and the magnitude
decreases as the rideshare percentage increases. Some drive-alone travelers experience
delays in travel time that are longer than 5 minutes, but the percentages are minimal.
Although traffic volume in the whole network is reduced because of ridesharing services,
in certain regions, there could be more traffic due to ridesharing vehicles routing to pick
up and drop off passengers. This caused a small fraction of drive-alone travelers to spend
extra time on the road. Our results also indicate an average time savings of 5.6 minutes
per drive-alone traveler, which is a significant benefit in travel time for those travelers.
Figure 3.5 (right) presents the distribution of arrival delays for travelers using ridesharing

services as compared with travel time if they drive alone. We categorize the arrival
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delays into four intervals: 0-5 minutes, 5-15 minutes, 15-30 minutes, and more than 30
minutes. The high share scenario leads to a higher share of travelers with delays of less
than 5 minutes. The results also show that 65% to 75% of travelers are expected to
experience an arrival delay that is less than 15 minutes under various ridesharing
scenarios. The main cause of delay for ridesharing travelers is waiting for vehicle
matching and pickup. Particularly, travelers living in remote areas with lower population
density are more likely to experience longer delays. The results show that the high share
scenario, where more travelers are participating in ridesharing services, has the highest
percentage of delays of 30 minutes or more. This is because in the high share scenario, it

is more likely that travelers from isolated areas will need rides.
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Figure 3.5 Distributions of arrival delays of drive-alone travelers (left) and ridesharing
travelers (right) under three ridesharing scenarios as compared with the no-share scenario.

3.3.3 Impacts of ridesharing on energy and emission

We investigate the impacts of ridesharing on trip-level vehicle-related emissions.
Specifically, we calculate and compare vehicle emissions caused by each traveler in
ridesharing scenarios. For the base (no rideshare) case, each traveler drives one car and
has a unique vehicle trajectory at 1Hz frequency. We estimate second-level CO2

emissions based on trajectory-level speed and acceleration and aggregate to trip-level
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CO2 emissions of each traveler. For rideshare scenarios, the trip-level CO2 emissions of
each drive-alone traveler are calculated the same way as in the base (no share) scenario.
For travelers using ridesharing services, we split the CO2 emissions among travelers
sharing the same vehicle based on their traveling distance. Figure 3.6 presents the
scatterplot comparing trip-level CO2 emissions in the no share scenario and each of the
three ridesharing scenarios. If the emissions of each traveler remain the same in the base
and ridesharing scenarios, the scatter points should cluster along the red diagonal line. If
the emissions of each traveler in ridesharing scenarios are lower than those in the base
(no share) scenario, the scatter plots would be expected to appear above the diagonal line,
and vice versa. Figure 3.6 shows a larger portion of scatter points above the diagonal line
for all three ridesharing scenarios compared with the base (no share) scenario, which
means that travelers can generally reduce vehicle emissions with ridesharing options. In
addition, the higher the ridesharing ratio, the higher portion of points that appear above
the diagonal line. This is expected, because a higher ridesharing ratio can achieve more
reductions in vehicle emissions of each traveler. The average trip-level CO2 emissions
are 4.3kg, 4.2kg, 4.0kg, 3.8kg, 3.2kg, and 2.9kg for no rideshare, 5%, 10%, 25%, 50%,
and 75% share ratio scenarios, respectively. Clearly, higher ridesharing generally leads to
lower average trip-level emissions given the same amount of travel demand. Though the
exact reduction in CO2 emissions is subject to the specific operation of ridesharing
services and travel demand, our results are consistent with existing literature on the
environmental impacts of ridesharing services, such as Yu et al. [82] in Beijing, Fagnant

and Kockelman et al. [108] in Austin, and Caulfield et al. [90] in Dublin.
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Figure 3.6 Scatter plots of CO2 emissions under five scenarios versus the CO2 emissions
under the no share scenario for passengers, shared vehicles, and vehicles driving alone.
The system-level impacts of energy consumption, vehicle emissions, and link
average speed under different scenarios are presented in Table 3.2. The exhaust emissions
including CO2, CO, HC, NOx, and PM are significantly reduced from the no share to
high share ratio scenarios during the three morning peak hours. CO2 emissions drop 33%
for a 75% share ratio, 21% for a 50% share ratio, 7% for a 25% share ratio, 5% for a 10%
share ratio, and 2% for a 5% share ratio, compared with no share. Besides CO2, the CO,
HC, NOx, and PM emissions under a 75% share ratio dropped 46%, 46%, 35%, and 36%,
respectively, relative to the base scenario. The energy consumption falls from 67,951
gallons under no share to 45,618 gallons under 75% share ratio, a 33% reduction. These
reductions in energy consumption and vehicle emissions are expected because the
corresponding average link-level travel speed improves across the scenarios. Average

travel speed is considered an indicator of vehicle emission and energy consumption [109].
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Previous studies showed vehicle emissions decrease as the average speed increases from
5 to 50 mph.

Table 3.2 System-level analysis for different scenarios.

Scenarios CO2 CO HC NOx PM Fuel Average travel
(ton) (ton) (kg) (kg) (kg) (gallon)  speed (kph)

No rideshare 598 24 124 259 14 67,951 22
5% share ratio 585 23 122 257 13 66,024 22
10% share 23
ratio 570 22 118 250 13 64.865
25% share 555 21 110 239 12 63,018 24
ratio
50% share 475 16 85 202 10 53,994 29
ratio
75% share 402 13 67 169 9 45,618 32
ratio

3.4 Discussion and Policy Implications

Our analysis demonstrates the potential of ridesharing services in mitigating
traffic congestion and reducing vehicle-related emissions. In this section, we discuss our
results in the context of previous studies and point out several policy implications for
transportation practitioners in implementing or managing ridesharing services. In Table
3.3, we compare our results on ridesharing services’ impacts on traffic and vehicle-
related emissions with the relevant literature. It is worth noting that the relevant studies
have different scopes and methods; thus, the focus of the comparison is on the general
trend of impacts rather than specific numbers. The comparison shows that our results are
consistent with existing literature in terms of the magnitude and trend of rideshare
impacts on travelers’ schedules and CO2 emissions. Most existing studies were based on
survey data, and they estimated up to 6% CO2 emission reductions for up to a 10%

ridesharing ratio on a city or national scale. For a study that used simulation data [108],
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the assessed schedule impacts are comparable to our study. Our study simulates scenarios
with ridesharing ratios ranging from 5% to 75%, which provides insights into the
potential impacts of ridesharing on high-sharing cases. We found that our studies achieve
comparable results to existing studies in assessing the environmental impacts of
ridesharing services. Most of the existing literature studied ridesharing services with up
to 10% ratio and found benefits in CO2 emission reduction up to 6%. We also find 5%
reduction in CO2 emission for 10% rideshare ratio.

Table 3.3 Comparison of rideshare impacts in the literature.

Granularity and  Ridesharing ~ Changes in Changes in

data source percentage schedule CO2
This study City scale 5%—75% 25%-35% 2%—-35%
(Chattanooga) with a 20-
empirical and minute delay
simulation or more
Jacobson et al. [110] U.S. national 1~10% -1%-5%
survey data
Fagnant et al. [108] City scale 10% 20% with a -4%-6%
(Austin) 20-minute
simulation data delay or
more
Caulfield et al [90] City scale 4% -2%—-4%
(Dublin) survey
data
Yuetal. [31] City scale 1,938 Up to -35%
(Beijing) survey sampled with various
data travelers levels of
electrical
vehicle
adoption

Our results and the comparison with relevant studies have several policy
implications. First, the literature has consistently demonstrated the environmental
benefits of implementing rideshare services at various geographical scales. As indicated

by Shaheen et al. [72], transportation practitioners in the United States and other
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countries have started recognizing the environmental and social benefits of ridesharing
services. Thus, transportation practitioners should be encouraged to promote
transportation ridesharing projects, though it is always recommended to estimate the
benefits in a systematic way through either survey or simulation processes as described in
this study. Second, vehicle types used in ridesharing services play an important role in
estimating the environmental benefits of ridesharing. Many studies, including our study,
estimate environmental benefits assuming ridesharing vehicles are regular gasoline-
powered cars. Limited studies, e.g., Yu et al. [31], have investigated potential impacts
when electric vehicles are used in ridesharing, and their results show significant
environmental benefits. Ridesharing is easier to implement in a centralized operation
model [111], and there are studies advocating for the use of electric vehicles in
ridesharing services [112-114]. Our study shows a 35% reduction in CO2 emissions if up
to 75% of trips are shared, and we expect even larger reductions if some or all vehicles
are electric cars.

Our results demonstrate the benefits of ridesharing in reducing transportation
emissions and energy consumption, particularly when the ridesharing service ratio is at a
high range, e.g., 25% to 75%. Apparently, it takes effort to increase the ridesharing ratio
from the current ~10% in Chattanooga to such a high ratio. Literature shows several
transportation policies that can help improve the ridesharing ratio. One type of policy is
to establish a high-occupancy vehicle (HOV) exclusive lane [115]. Studies have shown
that the reduction in both travel time (due to traveling on the faster HOV lane) and fuel
cost can further encourage riders to adopt ridesharing services. This type of policy works

well in regions with high population density and vehicle ownership, such as the
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California Bay area [72]. However, Chattanooga is a city with a relative smaller
population size and the road network is not congested for a large portion of the day. Thus,
adopting the HOV lane policy might not be as effective in Chattanooga as in other
regions. Another type of policy is to provide a monetary incentive to drivers to choose
ridesharing services [116]. Studies have shown by appropriately choosing incentives, this
policy can significantly improve the ridesharing ratio among drivers [117]. This policy
can be considered for implementation in Chattanooga. There are various government
transportation emission reduction programs, such as the federal’s Congestion Mitigation
and Air Quality (CMAQ), which provides funding to local transportation authorities to
implement policies for emission reduction. As long as the air quality benefits can be
quantified, it is justifiable to use government funding to incentivize drivers to choose
ridesharing services to achieve lower transportation emissions.
3.5 Conclusions

A shift from privately owned vehicles to shared mobility services can affect
mobility, energy consumption, and vehicle emissions. In this study, we investigate the
efficiency and environmental benefits of ridesharing in a mid-size city (Chattanooga,
Tennessee) using an agent-based simulation framework. The purpose of the framework is
to help transportation practitioners evaluate the environmental benefits of ridesharing
services with a systematic and comprehensive perspective.

The simulation and result analysis demonstrate that ridesharing services have the
potential to reduce traffic volume and relieve congestion without significant impacts on
travelers’ schedules. Specifically, when ridesharing ratios are 5% to 75% (trips fulfilled

by ridesharing services) in Chattanooga, many (65%-75%) of ridesharing travelers will
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experience a delay of up to 15 minutes. Longer delays, 30 minutes or more, are mainly
due to ridesharing travelers in isolated areas because it takes time to match vehicles to
pick them up. Ridesharing services can result in external outcomes that can be beneficial
to other travelers and society. This analysis shows 60%-80% of drive-alone travelers will
arrive earlier compared with the baseline no-ridesharing scenario. The average early
arrival time is 5.6 minutes for all drive-alone travelers. The results show ridesharing
services can achieve a 2%-35% reduction in vehicle-related emissions and energy
consumption with various ridesharing ratios. This is significant considering most vehicle
emissions are generated in urban regions with high population density. The reduction in
vehicle emissions has the potential to improve air quality and mitigate adverse impacts on
the health of local residents.

We acknowledge there are limitations of the current research that could motivate
future research directions. First, the vehicles applied in our simulation model were
internal combustion vehicles. Electric vehicles are emerging fast and play an important
role in reducing energy consumption and cutting emissions. It would be interesting for
future research to consider a diversified vehicle fleet for ridesharing services and
associated infrastructure planning. Second, researchers can include other travel modes,
such as public transit, shared bike, or micro-mobility, with ridesharing to model
multimodal travel implementation and estimate associated impacts. This requires more
complex planning algorithms to search for optimal mode combinations to reach minimum
monetary, time, or environmental impacts. Third, the scenario constructed in our study is
for one mid-size city, Chattanooga, where most trips are fulfilled by passenger cars. It

would be interesting to look at mega-cities, which normally have diversified travel modes
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and trip purposes, to identify the most suitable scenarios and locations for implementing

ridesharing services.
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Abstract

Dynamic wireless charging (DWC) technology enables the charging of electric
vehicles while they are in motion, therefore reducing battery size, increasing driving
range, and enhancing convenience. The planning of DWC infrastructure has gained
significant attention with the advancement of wireless power transfer technology. This
work provides an integrated optimization framework for planning DWC networks for
public transit systems. The objective is to minimize the total costs related to electric bus
operations, including the annualized DWC construction costs and electric bus fleet
purchase costs, costs for transmitting electricity for charging facilities, and penalties for
passenger waiting times. To solve the problem of planning DWC lanes for electric buses,
we develop a nonconvex mixed integer model that considers 1) the frequency setting of
buses that balance between being charged en-route and at the depot, 2) the planning of
transmitter coils, 3) the modeling of bidirectional multiple routes. The problem is
converted to Mixed Integer Linear Programming (MILP) by applying linearization
techniques. Through a case study of Chattanooga, TN, we show the potential reduction of
total social cost with-optimal DWC lanes design for a large-scale bus transit system. Our
sensitivity analysis with parameter changes also provides insights into the conditions for
deploying DWC systems for battery electric buses.
4.1 Introduction

The transportation sector accounts for 27% of the greenhouse gas (GHG)
emissions in the United States in 2020 [118]. Electrification of transportation is one of
the important pathways for reducing GHG emissions. Although we witnessed increased

adoption of electric passenger vehicles, there is limited progress on transit electrification
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due to their limited range and long recharging time [119]. Nation Transit Database shows
that only 1,268 electric buses out of 63,530 total buses are actively operating across the
U.S in 2020 [17]. Dynamic wireless charging (DWC) technology enables energy transfer
from power transmitters to electric vehicles while vehicles are driving on roads. Since
vehicles can be charged wirelessly while driving, it can reduce the demand of a large
battery size, which further boost driving ranges. We view wireless charging technology

as a promising technology to be applied in transit electrification.

DWC technology has been created and implemented in numerous projects on
transit buses all over the world. On-Line Electric Vehicle (OLEV) is the first DWC
system to be used for commercial purposes in South Korea [35]. Other programs have
tested and deployed wireless charging technology for fleet operations of buses in many
cities in Europe, such as the PRIMOVE program [33, 34], the FABRIC project [120], and
the VICTORIA project [121]. In the United States, Utah State University is actively
conducting research on DWC solutions for electric buses [39]. Oak Ridge National
Laboratory (ORNL) proposed the concept and prototype of DWC technology and
explained the purpose of mass transit [122]. Researches have investigated the
competitiveness of DWC technology with other charging technologies such as stationary
charging, quasi-dynamic wireless charging, and battery swapping for electric buses. Van
Driessche, et al. [123] indicated that wireless charging could require 0.3% less energy
and emit 0.5% less greenhouse gas emissions compared with plug-in charging in the total
life cycle. Besides energy and environmental comparison, a few studies compare the cost
of various charging technologies. For example, Mpalaskas, et al. [124] compared

stationary wireless charging, quasi-dynamic wireless charging, and DWC in a single bus
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line and found that DWC lanes have cost-benefit when the frequency of electric buses is
large. Chen, et al. [125] established mathematical models to investigate the cost
competitiveness of battery swapping, stationary charging, and DWC on a transit line. The
results showed that stationary charging is cost competitive only for transit systems with
very low service frequency and short lengths of bus lines while DWC is more cost
competitive for the bus line with high service frequency and very short or very long line
lengths. Route length and bus frequency are important factors that determines cost-
effectiveness of DWC infrastructure. To improve the competitive of DWC technology for
transport systems, a system optimization of DWC infrastructure planning on transit
network that can reduce the related costs with an optimal planning of bus service

frequency is needed.

Many researchers have paid attention to the system optimization of DWC
infrastructure planning. Ko and Jang [126] first proposed an optimization model to
allocate the DWC infrastructure and determine the exact battery size for a single-route
bus transit system. Based on the work of Ko and Jang [126], some studies conducted the
planning of DWC for single-route bus transit situations [Jeong, et al. [35], 127, 128].
However, transit bus system always contains multiple bus lines. It is advantageous to
assign DWC facilities to segments where many bus lines intersect, especially for
downtown areas where major bus lines overlay. Hwang, et al. [129] extended the
optimization of DWC infrastructure location and bus battery sizes into in a multi-route
transit network. Liu and Song [36] developed a robust optimization model for a multi-
route transit network considering uncertainty of bus travel time. Considering that

stationary charging at terminals could cause a delay in normal bus operation, Alwesabi, et
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al. [37] and Alwesabi, et al. [38] incorporated the charging time at bus terminals to
simultaneously determine the optimal deployment of the DWC facility and the optimal
bus fleet. However, limited studies incorporated bus service frequency decisions into
DWC infrastructure design, and we are not aware of any studies that balance the planning
of wireless charging and stationary charging infrastructure. As pointed out by existing
studies, bus frequency impacts the cost competitiveness of DWC infrastructure for transit
system [125]. Higher service frequency can increase utilization of DWC lanes and
generate more electricity for bus operations. Whereas low service frequency means more
time at bus depots and thus it is beneficial for buses to take stationary charge at depot
between trips. In this paper, we are to incorporate the frequency setting of buses that

balance between being charged enroute and at the depot in our model.

Based on the topology of the transmitter, DWC systems can be categorized into
single transmitter track based and segmented transmitter array based DWC systems [130].
Single transmitter is a long transmitter coil or cable buried in the track while segment
transmitter is formed by a series of transmitter coils. Single transmitter has the drawbacks
that the electromagnetic fields radiated outside the coupling area are harmful to health
and the low efficiency of energy transfer due to the low coupling factor. Segmented
transmitter has been widely developed in many programs thanks to its ability to minimize
the harmful radiated field and improve the energy transfer efficiency. Existing models of
DWC infrastructure planning are all based on the concepts and techniques of OLEV [35]
which uses single long cable as the transmitter side. Since these models are to decide the
location and length of the single transmitter, they cannot be directly applied to the

planning of segmented transmitter array based DWC systems. Foote, et al. [40] pointed
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out that the number of coils per mile of a segmented transmitter array based DWC facility
should be sized properly to maintain the sustained operation of electric vehicles. This
study further discusses the effect of various driving cycles on the coils planning and
guides the different layouts of coils for several standard driving cycles. This study
attempts to design a segmented transmitter array base DWC system that not only
determines the location and length of the transmitter tracks, but also the coil layout of

each transmitter segment according to different traffic conditions.

Furthermore, existing transit DWC facility location studies are modeled on
unidirectional routes. But it is more realistic to consider bidirectional routes. Liu and
Song [36] and Alwesabi, et al. [38] both mentioned that the neighboring road segments
can share the fixed cost of DWC infrastructure to make the technology more cost-
effective. In addition, the electric bus energy demand estimation plays a key role in
planning the new DWC system. We employ an electric bus energy consumption model
that was developed in a previous study [131] while we are determining DWC
infrastructure and bus frequency setting. The energy consumption model can accurately
calculate energy consumption and battery state of charge at different time interval based
on bus driving patterns. Additionally, the model included energy recovery through

regenerative braking as well as auxiliary load such as lights, heating, and air conditioners.

To summarize, the overarching goal of this study is to provide an integrated planning
framework for designing dynamic wireless charging infrastructure for electric bus service

operations. We are to contribute the existing literature on following aspects:
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(@) This study develops a more realistic optimization model to address the allocation
problem of DWC lanes (the exact location of DWC lanes and their layout of coils)
in a complex transit system with bidirectional multiple bus lines.

(b) Coordinate planning optimization of wireless and stationary charging
infrastructure with various bus passenger demand.

(c) Expand the wireless charging roads from unidirectional (most common in
existing studies) to bidirectional feature and utilize a machine-learning based
energy model to improve accuracy of electric bus energy consumption.

(d) Provide a MILP reformulation of the original optimization with the minimization
of social costs, such as the construction cost of DWC lanes, the wireless charging

buses purchase cost, the passenger cost, and the use-phase electricity cost.

The remainder of this paper is organized as follows. Section 2 presents the
problem statement and assumptions, groups of constraints, system model, and
linearization of the proposed model. In Section 3, we discuss the basic results of the case
study and conduct a sensitivity analysis of the model and implement a comparative
analysis with previous studies. Section 4 provides the conclusions and future research
directions of this study.

4.2 Optimization Model
4.2.1 Problem statement and assumptions

This study considers the following components of the DWC lane for planning, 1)
a power inverter on the roadside, 2) wireless power transmitter coils beneath the road,
and 3) a power receiver equipped on the bottom of the bus (see Fig. 1). The transmitter

coil beneath the road would generate a magnetic field that the power receiver would pick
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up and convert into electric power. Our study tries to support the government authorities
to make decisions on the planning of DWC facilities for the in-operation transit system,
with a minimal social cost. Specifically, the decisions are made on where the DWC lanes
are to be located for battery electric buses and what the layout of transmitter coils is for
each wireless charging lane. Additionally, bus frequency setting balancing passenger
demand coverage and the related cost is considered in this DWC system planning. The
system planning considers multiple bus lines as described in Fig. 2. It consists of one
base station and several bus routes with shared route parts. Each bus line is for a
predesigned route with a fixed loop line. The buses can have the opportunity to charge at
the base station between service loops and charge in motion during each service loop.
This study develops a nonconvex integer model to tackle this problem. The key
assumptions used in the model are given as follows:

(1) Bus fleets bought for operating on different bus lines with DWC are homogeneous

with fixed battery size and seat capacity.
(2) Each bus is fully charged overnight.

(3) Buses can always be charged at the base station between services.

Power Inverter | Power Transimition Coil ’

Figure 4.1 Configuration of the DWC lane.
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It is noted that the above assumptions are presumed for system modeling purposes
and most of them are not restrictive. Relaxing these assumptions may complicate the
models, but it does not alter the major findings of this paper. Assumptions (1) through (3)

are commonly adopted by DWC deployment literature [36-38, 129, 132].
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Figure 4.2 The example of multiple bus lines.
4.2.2 Model formulation

We consider a road network of multiple bus lines, where each bus line consists of
many small links. Let N represent the set of nodes and L denotes the set of links in the
multiple bus lines system. Previous studies [36-38] treat the bidirectional route as two
different directed routes. However, the fact that neighbor roads (i.e., adjacent roads and
bidirectional roads) can share the fixed cost of installing DWC facilities (i.e., inverter)
will influence the placement of DWC lanes. With this consideration, we treat the
bidirectional route as it is in our model. Before introducing the model formulation, the

notations of sets, parameters, and variables adopted in the formulation are summarized in
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Table 1. Our model has five integer decision variables, four continuous decision variables,
and several auxiliary variables for linearization as shown in Table 4. 1, and three groups
of constraints, including the DWC deployment constraints, bus frequency setting
constraints, and energy constraints.

Table 4.1 Notations of sets, parameters, and variables adopted in the model.

Symbol Description
Sets
L Set of links in the system, indexed by (i, j)
N Set of nodes in the system, indexed by i
R Set of bus routes, indexed by r
w Directions of the bus line, indexed by w € {4, —}, + is outbound, and — is
inbound

N, Set of nodes on direction w, indexed by i

Set of incoming links of node i on direction w, indexed by (i, j)
L% Set of outgoing links of node i on direction w, indexed by (i, j)

T Set of time slots, indexed by t

0., Setof origin node of two directions for all bus routes, indexed by i

D,,  Setof destination node of two directions for all bus routes, indexed by i

Parameters

Qrt Number of passengers taking bus route r at time slot ¢

d:

i Length of link (i, ))

cfix Fix the cost of one consecutive DWC lane

ccoil  Coil cost per unit

cwait  The hourly monetary cost of the passenger waiting time ($/hour)

cbus  Cost of the electric bus per unit
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c Electricity cost per unit
@° Charging efficiency of static charging
@ Charging efficiency of dynamic charging
p° Charging power rate of static charging (kW)
Vijt Average velocity (mph) of the bus on the link (i, j) at time slot ¢
a;j¢ Average acceleration (mile/hour?) of the bus on the link (i, ) at time slot ¢
gij Road grade of link (i, j) (%)
VSP;j; The vehicle-specific power (kW/Metric Ton) on the link (i, j) at time slot ¢
Cijt Energy consumption (kWh) on the link (i, j) at time slot ¢
load;#* The maximum number of loaded passengers of stops on bus route r at time
slot t
Q Bus capacity
p Bus occupancy rate
E Battery capacity (kwh)
s Duration of time slots (hour)
a Lower battery level rate
B Upper battery level rate
n Coefficient of energy supply function of transmitter coils.
n¢ Number of chargers at the base station
fup The upper limit of bus frequency
Tup The upper limit of charging time at the base station
Tow  The lower limit of coils per mile
Tyup The upper limit of coils per mile
M Large enough positive number
Integer
variables
Xij x;j = 1 if the link (i, j) is covered by power transmitter coils
YViw yiw = 1 1f node i on direction w is the starting node of a link that covered

by power transmitter coils
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Ziw z;» = 1 if node i on direction w is the last node of a consecutive DWC lane
0; 6; = 1 if node i in one direction (i.e., outbound) is covered by DWC lanes
of both directions
nk¥s  Number of buses for bus line r
Yrew Auxiliary variable for the linearization of the objective function and
constraint function
07, Auxiliary variable for the linearization of the constraint function
HL?V’V Auxiliary variable for the linearization of the constraint function
6;; Auxiliary variable for the linearization of the constraint function
Continuous
variables
fre Bus frequency on route r at time slot ¢
Trt Bus charging time at the base station for bus route r at time slot ¢
T Number of coils per mile embedded on the link (i, j)
riw,tm Bus battery level for direction w on route r traveling through node i at time
slot ¢ for the first service (m = 1) or not the first service (m = 0) of a
day
&ij Auxiliary variable for the linearization of the objective function
Ur ¢ Auxiliary variable for the linearization of the objective function
wrij¢ Auxiliary variable for the linearization of the objective function
0rtn Auxiliary variables for the linearization of the objective function and

constraint function

4.2.2.1 The DWC deployment constraints

The cost of the DWC facilities consists of the fixed cost of the inverter for the

power track and the variable cost of the power transmitter. The total cost of the power
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track depends on the layout of the transmitter coils on the DWC lanes. Specifically, how
long is the DWC lane, and how many coils per mile are used in each DWC-covered lane.
The total number of coils is };;m;;d;;x;;, where x;; is the decision variable to identify
whether the link (i,j) € L is covered by the DWC facility or not, rr;; is the number of
coils per mile (coil density) for each link that is covered by DWC, and d;; is the length of
the covered link. The fixed cost of the inverter is the cost for all inverters installed in the
system. The main challenge for the DWC deployment is to determine the number of
inverters that is necessary for the wireless charging system. Since multiple electric
vehicles can pick up power from the transmitter on the same power track simultaneously
[36, 126], neighbor links (i.e., adjacent links and bidirectional parallel links) can share the
fixed cost of one inverter to reduce the cost. The DWC deployment constraints are to
make sure that neighbor links will share one inverter. The primary idea is that we first
count the number of inverters for each direction of the bus route and then cancel out the

redundant inverters that counted for both directions.

(a) ‘ (b) Tl

—

—0 O o—

—
— Link © Node with y;,, = 1

Link covered by transmitter coils @ Node with z;,, = 1

Figure 4.3 Examples of DWC lanes.
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As for counting the number of inverters for each direction of the bus route, we
introduce two binary variables, y;,, and z;,,. Fig. 3 shows two examples of DWC lanes in
one direction. The yellow node with y;,, = 1 denotes node i in direction w is the starting
node of a link covered by power transmitter coils and the red node with z;, =1
represents node i in direction w is the last node of a consecutive DWC lane. Constraints
(1)-(5) are considered the DWC deployment constraints for each direction of the bus

route, which are for determining the number of inverters in each direction in the charging

system.

Yiw < B jyeroue Xijy Vi € N,w € W (1)
Viw = Xi;, Vi € N, (i,)) € L{¥', w e W 2)
Ziw < Z(k,l.)ELm Xxi, ViE Ny w e W 3)
Ziwy <1—x;;,Vi €N, (i,j) €L weW 4)
Ziw = Xpi — Z(i,j)ELgvzvtt xij, Vi€ Now € W, (k,i) € Ln 5)

Constraint (1) ensures that if all outgoing links of node i in direction w are not
covered by DWC, it cannot be the origin node of the link that is covered by a DWC lane.
Constraint (2) requires that if a node i in direction w has any outgoing link covered by
DWC, it must be the origin node of the link covered by DWC lanes. Constraint (3)
ensures that if node i in direction w has no income links, or all income links are not
covered by DWC lanes, it cannot be the last node of a consecutive DWC lane. Constraint
(4) is to make sure that if a node i in direction w has an outgoing link covered by DWC
facilities, it cannot be the last node of a consecutive DWC lane. Constraint (5) ensures
that if a node i in direction w has no outgoing links, or all its outgoing links are not

covered by the DWC lane, and it has one or more incoming links covered by a DWC, this
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node must be the last node of a consecutive DWC lane. The total number of inverters in
each direction of the route is Xz, — (X jer,, Xij — 2iYViw) - With the above
constraints, we can get the nonredundant inverters in each direction of the bus line. For
example, there will be two inverters for case (a) and one inverter for case (b) as shown in
Fig. 3.

To cognitive the redundant inverters that counted for both directions, we
introduce a binary variable 6;, 8; = 1 denotes the node i of one direction (i.e., outbound)
is covered by DWC facilities in both directions. Constraints (6)-(8) are the constraints to
define the overlay nodes that are covered by DWC lanes in both directions, to determine

the redundant inverters that counted for both directions.

0; < x;; + x5, Vi € Np,w € W, (0, ) € L, (k,i) € L (6)
6; = x;;, Vi€ Ny,w €W, (i,)) € L** (7
6; = x;, Vi € N,,w € W, (k,i) € L™ (8)

Constraint (6) ensures that for node i in the outbound direction if neither the
outgoing link nor income link of node i is covered by DWC lanes in the inbound
direction, it cannot be the overlay node of links covered by DWC lanes on both directions.
Constraint (7) ensures that for node i in the outbound direction if one outgoing link of
node i is covered by DWC lanes in the inbound direction, it must be the overlay node of
links covered by DWC lanes in both directions. Constraint (8) requires that for node i in
the outbound direction if one outgoing link of node i is covered by DWC lanes in the
inbound direction, it must be the overlay node of links covered by DWC lanes in both
directions. After recognizing the overlay node of links covered by DWC lanes in both

directions, the number of inverters that counted twice for the two directions can be
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denoted as (Xien, 0iZiw — (X jyeL, 0iXij — 2ien, 0iYiw)). Therefore, the total number
of inverters in the system is represented by ZW(ZiziW = Qi peLy, Xij —

Y Viw)) — Xien, 0iziw — Qi ety 0iXij — Zien, 0iviw)) - With this equation, the

number of inverters needed for the example shown in Fig. 4 is one.

—>

0 T 0  e—
-

— Link O Node with y;,, = 1

DWC link @ Node with z;,, = 1

Figure 4.4 An example of bidirectional DWC lanes.
4.2.2.2 Bus frequency setting constraints

In our study, the problem of setting bus frequency is formulated with the explicit
consideration of the dynamic passenger demand of each route and the charging capability
at the base station, as well as the number of buses assigned for each route.

The maximum hourly loading point method [133] has been widely applied as one
of the two primary ways for determining the best line frequency to achieve the required
level of occupancy at the busiest stop. According to the maximum hourly loading point
method, the bus frequency of route r at time slot t is represented as the below constraint
to meet the requirement of the highest loaded stop on route r at time slot ¢.
load/* < Qxpxf,; ,VT ERtET 9)

The conservation of bus service time allows us to create an explicit connection
between fleet size and bus frequency. In particular, for each route r, the total number of

buses assigned to every bus line n2%S should at least guarantee the longest service time of
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the loops for all the time slots on this line. The service time of one loop is the time a bus

. . . .. . d;;
charging at the base station 7., plus the time a bus finishes a trip X ; j)e, —=. Therefore,
,t

i
the relationship between bus fleet size and bus frequency can be formulated as below:

fr, dij
mtath (Z(i,j)ELr?jJt +1,.) < nl%, vr €R. (10)

We assume buses either dwell at the base station in charging or serving on the bus
line. They will not wait for charging at the base station between services. The charging
time of buses charge at the base station is limited by the number of stationary chargers
that are available at the base station. Therefore, the relationship between the charging
time at the base station and bus frequency for buses on route r at time slot ¢t can be

denoted as:

Tre < ;LC,Vr ERtET. (12)

Tt
The upper limitations for setting the bus frequency and the maximal allowed
charging time at the base station are given as below:
0<frt<fu VTERTLET (12)
0<7;<Ty, VT ERLET (13)
4.2.2.3 Energy constraints
The energy constraints are to make sure that the deployment of the DWC
charging system is able to satisfy the energy requirement for normal operations of electric
buses on all bus lines. As aforementioned, we assume the bus is fully charged overnight,
and in day services it can always have partial charging at the base station between

services as well as charging during driving. The battery level of each bus is changing
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during the daily operation due to the energy supply of the battery charging and the energy
consumption of the battery discharging.

For the bus on a bus line r € R, let e, ., b€ the battery level of the bus at the
node i in direction w at time slot t for the first service of the day as m = 1 or not for the
first service as m = 0. We neglect the minor self-discharge of the battery. To preserve
the life span of the battery, we set the lower and upper limit rates of the battery level for
electric buses as a and £, respectively. The below constraints require the battery level of
the bus on each node to be within the upper and lower limits:
erimtm < PE,Vr € R, i €E N w e W,t €T, m € {0,1} (14)
eriwtm = aE,Vr €ER,i € N, w e W,t € T,m € {0,1} (15)

Let c;; . denotes the energy consumption of the bus on the link (i, ;) at time slot ¢.
The energy supply sources are the energy charged at the base station and charged in
motion from DWC. For buses charging at the base station, let p* be the constant charging
rate. The energy supplied by the chargers at the base station for the bus on route r at time
slot t depends on the charging time t,.,, the charged energy is p°t, .. Let e(vij,t) denote
the function of energy supply from each coil on speed v;; . of link (i, /) at time slot ¢. The
energy gained from the link covered by the transmitter coil is the summation of the
energy transferred from all the coils embedded in the link, ﬂijdijxije(vij,t)- To represent
the battery level of the bus on the sequential nodes over time, we have the below

constraints:

BE VreR,i€O0,,mt=1

Crivem = {erj_tm +p°t, Vr€ERjED,_ ,mt+1 (16)
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eriwem = Criwem — Cije + Tijxijdije(vij),vr €R,(i,j)) EL,w e W,t €T, m€
{0,1} a7
€ri—tm = €rj+em Vi € Oy, j € Dpy, t €T, m € {0,1} (18)
Constraint (16) is to define the initial battery level of the bus at the first node of
each service. We assume buses start their first service of the day at the first time slot. The
initial battery level of a bus will be the upper limit battery level when it is the first service
of the day, while the initial battery level will be the remaining energy after one service
loop plus the energy charged at the base station when it is not the first service of the day.
Constraint (17) is to update the battery level of buses that serve on their lines. Constraint
(18) ensures the energy conservation between the outbound and inbound of the bus line.
To ensure the total energy level of the bus fleet in route r is within the limitation
of the summation battery levels of all buses in the fleet, we have the below two

constraints.
BEN™S + ¥ p Ty tfre — Zt(fr,t X j)eEL, Cij,t) + Xt j)eL, ”ijxijfr,tdije(vij,t) 2
aEnl* vr € R (19)
BENZ™ + 3, 05Tyt fre — Xe(fre Do ety Cise) + Deiper, TijXijfredije(vije) <
BEn2YS vr € R (20)
The limitation for the coil density embedded on each link is denoted as:
Tow < Tij < Myp, V(i,)) E L (21)
(1) Energy supply function
As illustrated before, the coil density on the DWC lane can be adjusted to
accommodate the sustained use of energy by electric vehicles. The experiments in [40]

and [134] show that the expected energy transmitted from a DWC transmitter coil is a
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function of speed. According to the experiment result in [40], the function of energy

transferred per coil on speed can be expressed as the below equation:

e(vij‘t) = %”,V(l,]) € L,t eET (22)

where n is a constant coefficient depending on the power level. A higher value of n
means a higher requirement of power level.

With the above equation, the energy transferred from the link that covered by the

transmitter coil 7;;d;;x;;e(vy;,) can be converted to nijdijxl-jvi = nmjkyjx;, Where
i)t

Kij ¢ is the average travel time of buses on the link (i, j) at time slot t. The energy gained
on the link embedded with transmitter coils is nm;;k;; .. Therefore, the term nm;; can be
treated as the charging power rate. Imagine a bus traveling on two links with the same
length, to get an equal level of energy on the two links, the link with short traveling time
(high driving speed) should be embedded with more coils.
(2) Energy consumption model

The energy As illustrated before, the energy consumption models employed in
previous studies ignore the factors of regenerative braking and auxiliary electric devices
that will significantly impact the energy consumption of transit buses. Machine learning
is able to capture the effect of these factors on energy consumption estimation thanks to
the fitness of nonlinear relationships, and the accuracy can be iteratively improved based
on the ability of empirical learning and iterative optimization using tremendous historical
actual driving data under complicated real-world driving conditions [135]. With this
consideration, we build an artificial neural network (ANN) model to estimate the energy
consumption of electric buses based on real-world driving data. The real-world driving

data are obtained from battery electric buses operated by Chattanooga Area Regional
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Transportation Authority (CARTA) in Chattanooga, Tennessee. The experimented
electric buses have onboard measurement equipment installed to gather driving,
monitoring, and maintenance information about the buses. This information is then sent
to a data logger made by [136] in real-time. The temperature and humidity were obtained
through query Dark Sky API weather data’.

The collected data is processed into link-level information, including vehicle
dynamics, road conditions, and environmental-related factors for each link. The input
variables are average speed v;; ., average acceleration a;; ., road segment length d;; and
grade g;;, the temperature g;;, and humidity ¢;; ., and average vehicle specific power
(VSP) VSP;; . of the link (i, j) at time slot t. The output value is the energy consumption
of electric buses on the link (i, j) at time slot t which can be defined as:

Cijc = ANN(Vijr, ij e, dijy Gijy Qijits Sijer VSPije), V(i j) € Lt €T, (24)

VSP is a widely used measurement tool for measuring the energy consumption of

vehicles [130]. It is calculated by dividing the instantaneous power for kinetic, potential,

rolling, and aerodynamic resistance by vehicle weight,

d

VSP = %(KE + PE) + Frolling *V+ FAerodynamic *U

m

%(%m*(1+ei)*vz+m*g*h)+Cg*m*g*v+%p*CDAV3

m
=vx(ax(1+¢)+gxgrade+g *Cg)+%p*%v3. The average VSP can

be expressed as:

7
Dark Sky Weather API. https://darksky.net/dev/docs
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VSPy, = vi;¢(2 X 10%ay;, + 21.97g;; + 0.3) +3.39 x 103 (v;;,) ", V(i) €Lt €T
(23)

The ANN model processes information in the same way that the human brain
processes information. Specifically, an ANN model contains input, along with hidden and
output layers, and each layer contains data processing components called neurons. These
neurons are connected to each other and can form complex nonlinear models through
activation functions. To have the best performance of the ANN model, we need to select
the best configuration of the ANN model, such as how many hidden layers, how many
neurons are in each layer, and what activation function transforms the information
between every two layers. Generally, more hidden layers may increase the accuracy of
the network but would result in overfitting. To avoid overfitting, the model is determined
by using a cross-validation method with the evaluation of mean absolute error (MAE)
and R2. For more details about the model construction, please refer to our previous work
[131, 137]. The structure of the best model has two hidden layers with 11 neurons in each
layer, transformed with the sigmoid activation function.
4.2.2.4 System optimization model

Our system optimization model for deployment of the DWC lanes with the
consideration of bus frequency setting is to minimize the social cost including total
construction cost of DWC facilities, electric bus fleet purchase cost, passenger waiting
cost, and cost for producing and transmitting electricity for charging facilities. Let ¢/,
cColl ceons cwait cbus and celec he the fixed cost of one inverter, coil cost per unit,
general construction cost per mile of the link, passenger waiting monetary cost per unit,

bus purchase cost per unit, and electricity cost per unit. These costs are all uniform in the

86



amortized costs for one year. The developed system optimization model can be

represented as follows:

Min (X (Ziziw — X jeLy, Xij — i Viw)) — ien, 0iZiw —

(x,y,2,0,m,f,T,nbus)

i i Sqr,
Ciperis 0ixij — Dien, 0:Yim))) + Tij(cOMmyj + c™)xydyj + W Zr,tTT: +

elec

Celec c
cbus 3, nPus + Py YD Trefre + Tan,t ”ijxijfr,tdije(vij,t) (25)

Subject to:
The DWC deployment constraints (1)-(8),
Bus frequency setting constraints (9)-(13),
Energy constraints (14)-(21).
The total construction cost of DWC lanes consists of the fixed cost of the inverter

and the variable cost of transmitter coils. Based on the obtained number of inverters
stated in section 2.2.1, the total cost of the inverters are c/*(Z,,(Z;zu —
Cijery, Xij — 2iViw)) — Cien, 0iziw — Cijyery, 0ixij — Lien, 0:viw))) . The total
cost of the power transmitter coils depends on the length of the DWC lanes and how
many coils are used in each covered link. It is the summation of construction cost and
cost of coils of each individual DWC link, Zij(cc"”ﬂij + c“°™)x;;d;;. The passenger
waiting time considered in this study is the time spent form the passenger arriving at the
bus stop to the passenger getting on the bus. We assume random passenger arrivals where
the average waiting time of each passenger's arrival at time slot ¢t on bus line r is equal to
half of the headway of buses on that bus line. The electricity cost includes the electricity

charged at the base station and the electricity transferred from DWC lanes. We consider
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the different charging efficiency of the static charger at the base station and the dynamic
charging lane on the line as ¢ and ¢!, respectively.
4.2.2.5 Model linearization

The proposed system model is a mixed integer nonlinear program with, binary,
integer, and continuous variables. The nonlinear terms that existed in the objective
function and constraints make it hard to solve the above model directly. This subsection
is to linearize our proposed nonlinear model by employing appropriate linearization
techniques.

For the bilinear terms 6;z;,,, 0;y;,,, 8;x;;, and ... f,- . in the objective function and
constraints (19)-(20), we use McCormick envelopes to relax the nonlinearity. McCormick
envelopes are a type of convex relaxation that has been widely used in solving bilinear
programming problems [138].

We introduce four auxiliary variables 67, HL{V, and 6;, and p,., to represent the
bilinear terms 6;z;, , 6;yiw , 0;x;; , and t,..f,, , respectively. The linearization

relationships are shown below:

0, <0, VieEN,, weW (26)
0f, <z, ViEN,weW (27)
07, =>6;+z, —1L,YiEN,, weEW (28)
6) <60,vie N, weW (29)
6}, <Viw,ViE N, weW (30)
6 >0, 4y, —LYiEN,WEW (31)
07 < 6, V(i,)) € Ly (32)
67 < x5, V(i,j) € Ly4 (33)
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95 > 91' + xl-j - 1,V(l,j) € Li+ (34)

Pt = Tupfr,t + Tr,tfup - Tupfup'vr ERtET (35)
Ure < Tupfr VT ERLET (36)
Ure < Trtfup VT ERLET (37)

As for the nonlinear terms m;;x;; and m;;x;;f; . in the objective function and
constraints (18)-(20). We define an auxiliary variable &;; and a big enough constant M to
linearize the mutual term m;;x;; of the two terms. The linearization process is presented
in equations (38)-(41). In this way, the term m;;x;;f, . can be denoted as &;; f,... We then
introduce another variable w,;;, to replace &;;f,. and use McCormick envelopes to

linearize it. The corresponding relationships are shown in equations (42)-(45).

§ij < xiM,V(i,j) €L (38)
§ij <mp V(i j) EL (39)
&Gj=my—(1—x;)M V(i j)€eL (40)
& =0V NEL (41)
Wrijt = Towfr, V7T ER,(i,j) EL,,t €T (42)
Wrijt = Tupfre + &ijfup — Tupfup, V7T ER,(i,j) EL,,t €T (43)
Wrijt < Typfre, VT ER,(i,j) EL,t €T (44)
Wrijt < &ijfup T Tiowfrt — Tiowfup, V7 € R, (i,j) E L, t ET (45)
It is noted that c"it Zr,t‘;‘;—:: in the objective function and % in constraint (11)

are both nonlinear terms with a mutual part fL It is difficult to directly introduce one

rt

. . 1 . .
variable to substitute " because f, . also exists in our model. Therefore, we use the
Tt
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piecewise linear method proposed in [139] to approximate the nonlinear term. The term

fi can be linearly expressed as L(f(x)) = Xh_, f(an)8.cn, Where a, denotes the

Tt
breaking point. We set five break points as (1,5,10,15,20). The linearization is expressed

with the following equations:

fr,t = Zz=1 ah6r,t,h| VreR,tET (46)
Zz=1 6r,t,h =1
Grt1tO0ri2 < Vrta
Ort3 < Vrt2 , Vre Rt €T (47)

5r,t,4 + 5r,t,5 <1—=Vre1
5r,t,1 + 5r,t,5 S1—=Vre2

Oren=20,vreu €{01},,Vr € R,t €T, h € {1,2,34,5},u € {1,2} (48)

Thus, cvaeit Zr,t% can be replaced as 2 c¥%s Y, Gy ¢(Srpq + 0.28, .5 +

0.18, 3 + 0.06256, 4 + 0.056,,5) , and ;ic can be substituted as sn®(6,¢; +

Tt
0.28,45 + 0.18, ¢ 3 + 0.06258,, 4 + 0.055, . 5).

Based on the above linearization, we transform our system model into a MILP
model, which can be easily solved with commercial optimization solvers.
4.3 Case Study

To examine our linearized optimization model, we implement the model on a
real-world transit network from Chattanooga Area Regional Transportation Authority
(CARTA). Figure 4. 4 shows the CARTA system map and the network of selected routes
where electric buses are in operation. The selected network contains 579 nodes, 809 links
with an average length of 105 m, and 4 routes, “Route 17, “Route 4”, “Route 10”, and
“Route 217, with a total length of 53.05 miles. Four routes share the base station as a

terminal. The four routes share some nodes and links as shown in Figure 4. 5. The exact
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configuration information of each route is presented in Table 4. 2. The passenger arrivals

and loaded at each bus stop at each time slot are extracted from Automatic Passenger

Counting (APC) data provided by CARTA. The operation time of a day ranges from

6:00-22:00. We split it into four time slots, morning peak hours (6:00-9:59), moderate

peak hours (10:00-13:59), afternoon peak hours (14:00-17:59), and off-peak hours

(18:00-22:00).

CARTA System Map

Figure 4.5 CARTA system map (left) and network of routes operated by electric buses

(right).

Table 4.2 Route information.

Routes Number of nodes Number of links Length (mile)
Route 1 115 198 13.65
Route 4 278 384 25.56
Route 10 175 199 12.43
Route 21 66 91 5.04

We assume the life of the constructed DWC lanes is 30 years, and the life of

buses is 10 years. All the costs are amortized to one year. The default parameter settings

for the case study are stated in Table 4.3. Most of the values are cited from literatures

91



[36-38, 125]. We assume the buses are bought for dynamic wireless charging specifically.
These buses have power receiver equipment and a downsized battery. According to the
study of life cycle assessment on electric cars [140], the onboard battery size would be
reduced to one-third to one-fifth of the original battery throughout a day of bus operation.
Battery downsizing enables significant energy savings owing to lighter vehicles, as well
as financial savings on battery and use-phase electricity costs [141]. Many studies related
to the optimization of deploying dynamic wireless charging technology have focused on
the decision of the battery size. For example, [36] developed a model to simultaneously
select the optimal location of the DWC facilities and find the optimal battery sizes of
route-specific electric buses. The results reveal that the optimal battery capacity of buses
for different routes ranges from 21.8 to 55.6 kWh. In a similar study [37], the optimal
battery sizes are from 7.39 to 33.97 kWh for buses operating on different routes. They
further show that the homogeneous buses carrying a uniform battery size of 18.1 kWh
can serve all bus routes of 41 km. In our study, we assume the battery capacity of the
buses is 30 kWh. The hourly monetary cost of the passenger waiting time is according to
the average salary per hour in Chattanooga [142]. The charging efficiency of static
charging and dynamic charging refers to the study [140]. The cost of a coil is about
$1000 per mile [143]. We assume the diameter of the coil is 1.6 m which is the same as
the coil topology used in [40]. Thus, the cost of each coil is $1600, and the upper limit
number of coils for each line is 1000. We set the lower limit as 250 coils per mile to

present the fewest energy supply. As derived in section 4.2.2.3, the term nm;; can be
treated as the charging power rate. The value of n depends on the power level and the

technology of DWC. We assume 5 is 0.08. It indicates the charging power rate will be
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within the range of 20-80 kW, with the coil density ranges from 250 to 1000. This range
is widely used in previous studies [36, 40, 125, 132].

Table 4.3 Parameter default values.

Parameters Description Value
cf™ The fixed cost of one DWC facility $20,000/30
ceout Coil cost per unit $1,600/30
ceons Mill and Resurface cost of road per mile $200,000/30
cwait The hourly monetary cost of the passenger waiting $17.35
time
cbus Cost of the electric bus per unit $360,438
celec Electricity cost per unit $0.1031
@S Charging efficiency of static charging 0.85
@ Charging efficiency of dynamic charging 0.8
pS Charging power rate of static charging 100 kw
Q Bus capacity 40
p Bus occupancy rate 0.7
E Battery capacity 30 kWh
s Duration of time slots 4 hours
a Lower battery level rate 0.2
B Upper battery level rate 0.8
n Coefficient of energy supply function of transmitter 0.08
coils.
n¢ Number of chargers at the base station 1
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fup The upper limit of bus frequency 20 vehicles/slot

Tup The upper limit of charging time at the base station 30 min
Tow The lower limit of coils per mile 250 #/mile
Typ The upper limit of coils per mile 1000 #/mile

4.3.1 Basic results

The commercial optimization solver Gurobi (V9.5.1) is used to solve the MILP
using the branch and bound technique. Our model has 14961 variables (2713 integer
variables) and 6992 constraints. It takes 5.46 minutes to solve the model with a 0.01%
relative optimality gap. Table 4. 4 summarizes the basic optimal results. The overall
social cost of the new charging system amortized for each year is $4,316,811, which
consists of the deployment costs of DWC lanes ($138,491), buses cost ($432,526),
passenger waiting cost ($3,711,725), and use-phase electricity cost ($34,069). The table
reports that the deployment of DWC lanes needs 52 inverters and 1551 coils in total. The
total length of the links covered by DWC lanes is 3.16 miles, which is 6% of the total
route. The coverage of DWC lanes on Route 1 and Route 4 (7.5% and 7.1%) is larger
than that on Route 10 and Route 21 (2% and 2.4%). This result is reasonable because
buses traveling on Route 1 and Route 4 have higher speeds and need more energy to
accomplish one service loop, compared with that on the other routes. Figure 4.6 depicts
the specific location and coil density of each DWC link in the network. The gradient
color from yellow to red shows the number of coils for each mile ranging from 250 to
1000. From Figure 4.6, we can observe that the locations of the DWC lanes do not have a

significant relationship with the locations of stops. This result is different from that of
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[36], reporting that DWC facilities are primarily located around bus stops. In our case,

the deployment of DWC lanes is mainly involved with the extent of energy requirement.

Table 4.4 Summary of the basic results.

Description Value

Total coils needed 1551

Number of inverters 52

Length of DWC lanes Total length 3.16 miles
(6.0%)

DWC deployment costs (1 year)

Number of buses

The amortized cost of buses (1

year)
Total waiting cost (1 year)

Electricity cost (1 year)

Overall social cost (1 year)

DWC lanes on Route 1
DWC lanes on Route 4
DWC lanes on Route 10
DWC lanes on Route 21
Total construction cost
Inverter cost

Costs of coils and road

reconstruction

Buses fleet on Route 1
Buses fleet on Route 4
Buses fleet on Route 10

Buses fleet on Route 21

Total electricity cost
Electricity cost at the base
station

Electricity cost on DWC lanes

1.02 mile (7.5%)
1.81 mile (7.1%)
0.25 mile (2.0%)
0.12 mile (2.4%)
$138,491
$34,667
$103,824

12

3

6

2

1
$432,526

$3,711,725
$34,069
$19,052

$15,017
$4,316,811
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Figure 4.6 The optimal layout of DWC lanes with varied coil densities.

Our model ingrates the deployment of DWC lanes with the tactical bus frequency
setting, considering the buses can have a partial charge at the base station. Figure 4.7
shows the bus frequency setting and charging time in minutes for the four routes at each
time slot. It is observed in Figure 4.7 (left), the bus frequency of the four routes set for
morning peak hours (6:00-9:59) is generally the largest, followed by that of the afternoon
peak hours (14:00-17:59) and moderate peak hours (10:00-13:59), with the frequency for
off-peak hours (18:00-22:00) is the smallest. We can also observe Route 4 has the most
bus frequency, followed by Route 1, route 10, and Route 21. This result depends on the

passenger demand, route distance, and the charging time at the base station.
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Figure 4.7 (right) presents that the charging times of the four routes at the four
time slots vary based on the available DWC facilities, bus frequency, and energy
consumption on routes. According to the bus frequency and charging time at the base
station, the optimal bus fleets for the four routes are obtained. As shown in Table 4.4, the
agency needs to assign 3 buses for Route 1, 6 buses for Route 4, 2 buses for Route 10,

and 1 bus for Route 21, 12 buses in total.
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Figure 4.7 Result of bus frequency setting (left) and charging time at the base station
(right).

4.3.2 Sensitivity analysis

In this section, we conduct a sensitivity analysis of our proposed model, to
investigate the impact of fixed coil density and the impact of charging at the base station
on the planning of the DWC system.
4.3.2.1 The impact of fixed coil density

To compare and analyze the effects of using different fixed coil densities on the
deployment of DWC lanes, we conduct four scenarios under which the uniform coil
density for DWC lanes is 250, 500, 750, and 1000, respectively. As mentioned before,

coil density has a positive correlation with the charging power rate. As the coil density
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ranges from 250 to 1000, the equivalent charging power rate of the DWC lanes will be
within the range of 20-80 kW. Figure 4.8 shows the optimal location of the DWC lanes
under the four scenarios. It is observed that the length of the DWC lanes increases as the
coil density decreases. That is to say, the lower the charging power rate is, the more
DWC lanes are required. Table 4.5 reports the optimal results for the four scenarios and
compares them with the basic result. It is observed that the number of coils, the number
of inverters, and the cost of DWC lanes all increase as the coil density decreases. Among
the four scenarios, the scenario with the coil density fixed as 750 has the lowest overall
social costs and lowest cost of electricity. The scenario with the coil density fixed as 1000
requires the lowest cost of DWC construction, but the highest electricity cost. The high
electricity costs are mainly from the electricity transferred from the DWC lanes. The high
coil density of 1000 might result in more unnecessary energy transferred from the DWC
lanes. It is noted that the basic result with varied coil density remains the minimal social

cost, compared with the four scenarios with fixed coil density.
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Figure 4.8 The optimal layout of DWC lanes of four scenarios with different fixed coil

densities.

Table 4.5 The optimal results for different scenarios on coil density.

Description Various coil  Fixed coil density (#/mile)

density 1000 750 500 250
Total coils needed 1551 1718 1817 2169 5084
Number of 52 37 41 51 56
inverters
DWC deployment  $138,491 $127,739  $140,369  $178,607  $444,119
costs
Electricity cost $34,069 $51,388 $29,006 $36,134 $50,547
Overall social cost  $4,316,811 $4,371,179 $4,337,669 $4,369,464 $4,571,594
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4.3.2.2 The impact of fixed coil density

As illustrated before, we assume that the electric buses can have partial charge
between services at the base station. The tradeoff between charging at the base station
and charging in motion on the DWC lanes will impact the deployment of the DWC
system. To investigate the influence of partial charging on the charging system, we vary
the charging rate of the charger at the base station from 0 kW to 100 kW. Figure 4.9
reports the DWC facilities costs and the electricity costs with a different charging rate of
the static charger. From Figure 4.9 (left), we can observe that the costs of inverters, coils
and road reconstruction decreases as the charging rate increases. The reason is that as the
charging rate increases, buses will get more energy from the partial charging at the base
station. Therefore, the energy required from the length of the DWC lanes is reduced. We
can also observe that the cost of inverters does not reduce significantly with the rising
charging rate. This is likely because neighbor links can share one inverter. The number of
inverters will not go up a lot even when there are increasing coils needed for energy
transfer. It is also observed that the reduction of the number of coils tends to be flat as the
charging rate is larger than 80 kW. It indicates that when the static charging rate is more
than 80 kW, the benefit of static charge at the base station does not overweight the
requirement of dynamic charge on the DWC lanes. This finding is also reflected in Figure
4.9 (right), where the electricity usage on the dynamic charging is reduced as the static
charging rate goes up but remains flat when the rate is larger than 80 kW. Figure 4.9
(right) shows a clear tradeoff between the static charge at the base station and the
dynamic charge on the DWC lanes. As the growing of static charging rate, the electricity
gained at the base station is increased while the electricity transferred from the DWC

lanes is reduced. The result also indicates that when the charging rate is 100 kW at the
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base station, it can save about 40% of the construction cost for DWC facilities, compared

with no stationary charging at the base station.
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Figure 4.9 The DWC facilities costs (left) and the electricity costs (right) with different
charging rates at the base station.

4.3.2.3 Comparison with existing models

As shown in the literature, the studies involving DWC system planning mainly
focus on electric cars, and limited studies investigate the deployment of DWC facilities
for transit buses. Our work is considered an extension of the existing works [36, 38]. In
contrast to the previous studies, our optimization model addresses a number of issues that
others have not. Table 4.6 summarizes the comparison of our model with the existing
models. The primary distinctions of our model are the consideration of varied coil density,
the integration of bus frequency setting, the treatment of bidirectional route, and the
modeling of energy consumption. For intense, the decision of coil density can flexibly
satisfy energy sustaining during the bus operation since the coil density can vary with the
extent of energy requirement. It also can provide a cost-effective solution for the planning
of the DWC system in practice. Our model considers the combination of DWC
deployment with the tactical bus frequency setting to support the transit planning of the

new charging system for the agencies. The integration of the bus frequency setting
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produces nonlinearity in the model which is one of the difficulties we faced. However,
we are able to resolve this difficulty by linearizing the model. Instead of treating the
bidirectional route as two non-bidirectional routes, our model treats it as it is by
introducing an additional index to identify the two directions of routes and cancel out the
redundant inverters installed in both directions of the lanes with DWC. The existing
studies applied predefined energy consumption or physical-based model to estimate the
energy consumption of buses. However, they neglect the effects of regenerative braking
and auxiliary electric devices for the estimation of energy consumption. We employ
machine learning technology to capture the effect of these factors on energy estimation
by training tremendous historical driving data under various driving conditions.
Furthermore, we consider the changes in bus speed and passenger demand during
different periods of one-day operation. These considerations bring robustness for the
location of the DWC lanes and dynamic updates for bus frequency during daily operation,
which makes our model more useful for realistic implementation. In addition, our model
also considers the electricity cost, road reconstruction cost, flexible charge at the base

station, and decision on bus fleet size.
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Table 4.6 Comparison with existing models.

Description Model in ~ Model in ~ Model in Our model
[129] [36] [38]

Considering variable coil density % x x 4

Bus frequency setting x x x v

Bidirectional route X x x v

Energy consumption model Predefined Physical-  Physical- Machine

based based learning

Speed of buses Certain Uncertain  Certain Changing
over time

Passenger demand x x x Changing
over time

Electricity cost x X X v

Cost of road reconstruction x X X v

Flexible charge at the base station % X 4 v

Decision on bus fleet size x X v v

4.4 Conclusions

In this study, we develop a nonconvex mixed integer optimization model to
address the allocation problem of DWC lanes on bidirectional multiple routes,
considering the bus frequency setting for the new charging system. Our goal is to find an
optimal DWC system design for electric buses that minimize the social costs relating to
the bus operation on the new charging system, including the total construction cost of
DWC facilities, electric bus fleet purchase cost, passenger waiting cost, and cost for
producing and transmitting electricity for charging facilities. We consider three groups of
constraints, including the DWC deployment constraints, bus frequency setting constraints,

and energy constraints. The DWC deployment constraints are to make sure the neighbor
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links (i.e., adjacent links and bidirectional parallel links) can share the fixed cost of the
DWC construction. The constraints of bus frequency setting are formulated with the
explicit consideration of the limited charging time at the base station and the coverage of
passengers at different periods during the day. The energy constraints ensure the optimal
allocation of the DWC lanes can satisfy the energy requirement for normal operations of
electric buses in the transit system. Since our model contains many nonlinear terms, we
employ several linearization approaches to linearize our model into a MILP model. We
conduct a case study to verify the efficiency of our model. The results demonstrate that
our model can effectively solve the planning problem of the DWC lanes in a complex bus
transit system with bidirectional multiple bus lines in CARTA. Our sensitivity analysis
with the changes in coil density and charging rate at the base station also provides insight
into the planning of the DWC system.

We acknowledge there are limitations of the current research that could motivate
future research directions. Our study considers uniform electric buses with the same size
of battery and seat capacity. Various electric bus types with different sizes and mixed bus
fleets (i.e., hybrid buses, diesel buses, electric buses) can be included in the planning of
the DWC system. Another interesting area is the investigation of the relationship between
the allocation of the DWC infrastructure and the power load in the grid. We also
recommend exploring the prospect of installing DWC for public transit and private car in

one charging system and analyzing the effect of installed DWC lanes on the traffic.
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Chapter 5

Conclusions
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This chapter highlights original contributions to achieving sustainability in urban
transit and high occupancy vehicle systems and recommends potential research plans in
the future.

5.1 Conclusions

Road transportation emissions can be minimized in the manner of reducing total
VMT and lowering vehicle emission rate. Many strategies have been proven viable for
achieving transportation sustainability. For example, the total VMT can be reduced by
switching low-occupancy transportation modes (i.e., private cars) to high-occupancy
transportation modes (i.e., public transit, ridesharing). The development of alternative-
fuel vehicles (i.e., hybrid vehicles and electric vehicles) provides the capability of
minimizing vehicle emission rates or achieving net zero emissions. This dissertation
focuses on achieving transportation sustainability in urban transit and high-occupancy
vehicle systems. It links to some main components of the above strategies, including
transit buses, ridesharing, and hybrid and electric vehicles. Specifically, three studies
were done to achieve the primary goal: (1) hybrid bus energy prediction, (2) ridesharing
operations and assessment, and (3) electric transit system charging infrastructure design.
This dissertation is capable of supporting transportation planning, decision-making, and
policy design of transportation practitioners referring to achieving sustainability in urban
transit and high-occupancy vehicle systems, taking efforts on various research
technologies, such as artificial intelligence, simulation, and operations.

In chapter 2, the study of predicting the energy consumption of hybrid buses was
investigated. It refers to using public transit to reduce VMT and leverage hybrid buses to

lower vehicle emission rates. This study proposed ANN microscopic and mesoscopic
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models to estimate the fuel consumption of hybrid diesel buses based on long-term transit
bus monitoring data collected from Chattanooga Area Regional Transportation Authority
(CARTA). The microscopic model predicted instantaneous fuel consumption rates based
on driving, grade, and environment variables at the same frequency. The ANN-based
microscopic model results showed 1-2% of cumulative absolute error when aggregating
second-level results to 5 to 60-minute trips. The results showed that ANN models can
achieve lower error, compared to linear regression models, using the same input variables.
The mesoscopic model predicted average fuel rates for 5 to 60-minute trip durations
based on traffic factors for the same period. Our results show that the absolute prediction
error for mesoscopic models ranged between 5 and 9%. This range is higher than that of
the microscopic model; however, the independent variables of the mesoscopic model, e.g.,
average traffic speed, congestion level, etc., are typically monitored by the local
transportation authority. The experimental data contained 1 Hz data of hybrid and diesel
buses that have similar driving conditions in terms of speed, engine demand, and road
grade. Our investigation of fuel rates showed that hybrid buses have the largest fuel
savings during low-speed driving with high acceleration and have none or increased fuel
consumption during highway driving. The electric motor of hybrid buses normally
engages to supplement or replace a portion of propulsion provided by the diesel engine at
low-speed driving with high acceleration, which can help achieve better fuel efficiency.
This study can provide transportation agencies with accurate and practical information on
hybrid bus energy consumption for a better understanding of the performance of hybrid

transit buses during transit operations and planning.
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In chapter 3, the study of ridesharing operations and assessment referring to
reducing total VMT was conducted. We investigate the efficiency and environmental
benefits of ridesharing in a mid-size city (Chattanooga, Tennessee) using an agent-based
simulation framework. The simulation and result analysis demonstrate that ridesharing
services have the potential to reduce traffic volume and relieve congestion without
significant impacts on travelers’ schedules. Specifically, when ridesharing ratios are 5%
to 75% (trips fulfilled by ridesharing services) in Chattanooga, many (65%-75%) of
ridesharing travelers will experience a delay of up to 15 minutes. Longer delays, 30
minutes or more, are mainly due to ridesharing travelers in isolated areas because it takes
time to match vehicles to pick them up. Ridesharing services can result in external
outcomes that can be beneficial to other travelers and society. This analysis shows that
60%-80% of drive-alone travelers will arrive earlier compared with the baseline no-
ridesharing scenario. The average early arrival time is 5.6 minutes for all drive-alone
travelers. The results show ridesharing services can achieve a 2%-35% reduction in
vehicle-related emissions and energy consumption with various ridesharing ratios. This is
significant considering most vehicle emissions are generated in urban regions with high
population density. The reduction in vehicle emissions has the potential to improve air
quality and mitigate adverse impacts on the health of residents. The framework and
results of this study can be helpful to transportation practitioners to evaluate the travel
efficiency effects and environmental benefits with a systematic and comprehensive
perspective when implementing ridesharing services on a city scale.

In chapter 4, the study of designing electric transit system charging infrastructure

was completed. It is relevant to utilize urban transit to reduce VMT and employ battery
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electric buses to minimize vehicle emission rates. This study developed a mixed integer
programming model to address the allocation problem of DWC lanes on bidirectional
multiple routes, considering the bus frequency setting for the new charging system. The
goal is to find an optimal DWC system design for electric buses that minimize the social
costs relating to the bus operation on the new charging system, including the total
construction cost of DWC facilities, electric bus fleet purchase cost, passenger waiting
cost, and cost for producing and transmitting electricity for charging facilities. The model
considers three groups of constraints, including the DWC deployment constraints, bus
frequency setting constraints, and energy constraints. The DWC deployment constraints
are to make sure the neighbor links (i.e., adjacent links and bidirectional parallel links)
can share the fixed cost of the DWC construction. The constraints of bus frequency are
formulated with the explicit consideration of the limited charging time at the base station
and the coverage of passengers at different periods during the day. The energy constraints
ensure the optimal allocation of the DWC lanes can satisfy the energy requirement for
normal operations of electric buses in the transit system. Since the proposed model
contains many nonlinear terms, we employ several linearization approaches to linearize
the initial model into a MILP model. A case study was conducted to verify the efficiency
of our model. The results demonstrate that the proposed model can effectively solve the
planning problem of the DWC lanes in a complex bus transit system with bidirectional
multiple bus lines in CARTA. A sensitivity analysis with the changes in coil density and
charging rate at the base station also provides insight into the planning of the DWC

system.
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The aforementioned conclusions were reached in light of the results of the initial
research. There are expected to be more studies on this topic.
5.2 Future work

The primary goal of this dissertation is to support transportation planning,
decision-making, and policy design of transportation practitioners to achieve
sustainability in urban transit and high-occupancy vehicle systems, through intelligent
modeling, simulation, and operations. Some challenges were addressed in this
dissertation; however, more research should be conducted in the field of developing
sustainability in urban transit and high-occupancy vehicle systems.

For the study of predicting hybrid bus energy consumption, the experiment did
not collect operational data for electric motors within the hybrid bus. Therefore, we could
not fully understand the energy management system mechanism within the hybrid bus.
One future research direction may be to collect and leverage electric motor operation data
from hybrid buses to better understand their fuel-saving mechanism. Another future
research direction may be to collect passenger load information on buses and assess the
impacts of passenger load on the fuel consumption of hybrid buses under real-world
driving conditions.

The vehicles applied in the ridesharing operation and assessment framework were
internal combustion vehicles. Electric vehicles are emerging fast and play an important
role in reducing energy consumption and cutting emissions. It would be interesting for
future research to consider a diversified vehicle fleet for ridesharing services and
associated infrastructure planning. Second, it will be more realistic to establish an online

ridesharing algorithm that can dynamically fill the empty-seat with the consideration of
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spatial mismatch between supply and demand based on the real-world data. Third,
researchers can include other travel modes, such as public transit, shared bike, or micro-
mobility, with ridesharing to model multimodal travel implementation and estimate
associated impacts. This requires more complex planning algorithms to search for
optimal mode combinations to reach minimum monetary, time, or environmental impacts.

The study for designing dynamic wireless charging facilities considers uniform
electric buses with the same size of battery and seat capacity. Various electric bus types
with different sizes and mixed bus fleets (i.e., hybrid buses, diesel buses, electric buses)
can be included in the planning of the DWC system. Another interesting area is the
investigation of the relationship between the allocation of the DWC infrastructure and the
power load in the grid. This dissertation also recommends exploring the prospect of
installing DWC for public transit and private car in one charging system and analyzing

the effect of installed DWC lanes on traffic.
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