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For decades, the leading cause of death for American youth has been the car accident, and the 

largest source of domestic Greenhouse Gas (GHG) and many Criteria Air Pollutants (CAPs) has 

been the transportation sector. The advent of the autonomous vehicle in combination with Battery-

Electric Vehicles (BEVs) and Fuel-Cell Electric Vehicles (FCEVs) presents an opportunity to 

transcend both pernicious challenges. In particular, the evolution of safer and more efficient 

autonomous (i.e., robotic) driving behavior via vehicle-to-vehicle (V2V) and vehicle-to-

infrastructure (V2I) communication, increased use of electric vehicles, and greater access to 

affordable and convenient shared (i.e., pooled) rides portend societal benefits including a 

significant reduction in energy demand and associated pollution. This dissertation evaluates the 

impact of Shared Autonomous Electric Vehicles (SAEVs, “Saves”) on the California energy grid, 

GHG emissions, and CAPs. 

Vehicle-centric impacts (i.e., efficiency changes due to vehicle design and driving behavior) 

are measured using a vehicle design tool together with a microscopic traffic simulation model to 

(1) design prototype SAEVs, and (2) measure their energy efficiency for standard and eco-driving 

scenarios and an array of performance characteristics (e.g., different electric drivetrains, various 
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communication protocols, etc.). Fleet-centric impacts (i.e., changes to vehicle allocation and 

usage) are measured using ArcGIS with a Caltrans travel demand model dataset to allocate and 

size SAEV stations, where SAEVs recharge/refuel and are sent to serve nearby trips in a 

hypothetical SAEV-deployment construct. The Holistic Energy Grid modelling tool (HiGRID) is 

used to measure SAEV impacts on the California electric grid and grid GHG and CAPs. The 

Greenhouse Gases, Regulated Emissions, and Energy Use in Transportation Model (GREET) is 

used to measure corresponding transportation sector GHG and CAP impacts.  

Vehicle-centric energy impacts from SAEV-enabled eco-driving and platooning averaged net 

efficiency improvements of approximately 6-18%. Fleet-centric impacts include VMT changes 

from -11% to +36%, largely depending on ridesharing. Depending on SAEV design and operation, 

over 375,000 metric tons of annual CO2-equivalent GHG emissions could be reduced by adopting 

the proposed SAEV-deployment construct in lieu of the projected conventionally-driven vehicle 

fleet. Corresponding CAP impacts include a net reduction of over 250 metric tons of annual NOx 

emissions. 
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1. Introduction 

1.1 Motivation 

 The leading cause of death for Americans between four and twenty-four years old is the car 

accident, and nearly 100 Americans die in car accidents every single day [1]. A medium sized jet 

aircraft holds approximately 100 people. Therefore, essentially a plane-crash equivalent of 

automobile fatalities occurs every day in the United States (U.S.). Such is the scale of tragedy on 

U.S. roadways.  

 Where do autonomous vehicles fit in? The vast majority of car accidents, approximately 

ninety-four percent, are caused by errors in human judgement [2]. The most common error in 

human judgement that leads to a general traffic accident is driver distraction, and the most 

common human error leading to a fatal traffic accident is drunk driving [3]. Such preventable 

mistakes in human judgement provoke the question: Could it be possible to transcend the 

responsibility placed on humans for driving? That is, could robots ultimately be responsible for a 

safe decision-making on our roads?  

 The answer is becoming “yes.” Recent progress in the development of the autonomous 

vehicle (AV) is demonstrated by numerous private companies. Consider the Google Autonomous 

Vehicle project and the associated Google subsidiary Waymo. In 2010, near the beginning of 

Waymo’s on-road testing, their AV was able to safely travel 5 miles before a human would have 

to intervene and to take control once again. This was five miles of safe, robotic driving on 

everyday roads and in everyday driving situations. Though not far distance, it was a start. In 

2012, just two years later, their AV was able to travel 1000 miles before the human needed to 

take control. Essentially, their AV could use about two or three tanks of gas before requiring a 
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human to intervene. Two years later, in 2014, it was reported that the Google AV system across a 

fleet of 24 vehicles (not for one single vehicle) was able to safety travel for a continuous 50,000 

miles with no human input. The average American drives about 10,000 miles in one year, 

meaning that Google’s AV could safety travel the equivalent mileage of five years of human 

travel. One hopes for better driving than to get into a serious car accident every five years, but 

the improvement to AV driving competency is getting clearer each year. Since then, Waymo has 

conducted a demonstration of their AVs in Arizona, where in 2017 members of the public have 

been able to use AVs from certain pickup and drop-off locations (though safety drivers are 

typically behind the wheel in case of a safety concern.).  

 Roadway accidents aside, another safety priority is air quality. AVs are anticipated to be EVs 

as well, as the energy efficiency improvements afforded by of these powertrains would offer a 

cost advantage, in addition to lower operational and maintenance costs [4]. Additionally, if 

deployed in shared-use fleets, electric-AVs can negate the range and recharging time issues of 

conventional EVs, as the SAEV fleet could be centrally managed to be either charged or 

allocated depending on travel demand [5]. Such opportunities are becoming bolstered with the 

support of informed policy. In California, Senate Bill 59 (currently under legislative review) 

would convene a task force to ensure that the deployment of AVs supports the environmental 

and equity goals of the state, putting pressure on the deployment of vehicles to be concurrently 

zero-emissions, autonomous, and shared [6]. With technical and policy pressures guiding the 

deployment of SAEVs, the increasing interactions between the energy grid and local 

environment must be considered in advance. 

 The concept of SAEVs may sound futuristic, but the transition towards this paradigm may be 

feel entirely familiar. One’s first interaction with the SAEV paradigm may likely take the form 
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of a transportation networking company (TNC) ride (e.g., from Uber or Lyft), only that ride 

would arrive without a driver. Take the average California household, which usually owns and 

operates two cars. The cost of owning and operating a vehicle typically fluctuates between 

$0.55- $0.75 per mile of driving. Presently TNCs such as Uber and Lyft commonly charge 

between $1.50 and $2.50 per mile, making it more attractive to own and operate one's own 

vehicle for most people. However, recent cost-based analyses of autonomous mobility services 

suggest that SAEV costs could fluctuate between $0.15-$1.00 per mile [7]. Additionally, studies 

such as those from the University of Michigan estimate that the potential impact on private 

vehicle usage could reduce the two car households to one car households [8]. In the meantime, 

significant hesitations with regards to using SAEVs remain. Research has found that even if 

SAEV rides were completely free, about 25% of people still would refuse to ride [9]. Should 

you, the reader, be in the 75% of folks to accept the novel SAEV ride, you would likely notice 

plenty of differences, many of which would significantly affect the energy usage of that vehicle.  

 You silently, smoothly, ride off to your destination. You may even have the option to share 

your ride with someone who is traveling in the same direction as you. Altogether, vehicle 

automation, EV powertrains, and potential for shared (i.e., pooled) mobility result in what is 

known as the Three Revolutions in Transportation [10]. These revolutions may pose 

opportunities to help meet energy, climate, and pollution goals (e.g., smoother rides leading to 

increased vehicle efficiency), or new challenges may emerge (e.g., cheaper and more convenient 

transportation leading to more trips taken, potentially increasing net energy usage). There are 

likely to be many opportunities and challenges for the future of mobility beyond these brief 

examples. This work defines these opportunities and challenges starting with the future vehicles 

themselves both individually and as part of a larger hypothetical SAEV-deployment, measures 
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the projected impacts to the California energy grid, and measures the corresponding grid and 

transportation-sector GHG and CAP emissions.  

1.2 Goals 

The goals of this dissertation are to:  

1. Create a simulation framework to design and evaluate SAEV prototypes for vehicle-centric 

energy impacts related to ZEV powertrain, sensor integration strategy, and improved 

performance (i.e., via V2V and V2I). 

2. Measure the spatial distribution of SAEV Stations in California and corresponding fleet-

centric performance (e.g., overall VMT, fleet size, infrastructure requirements, etc.) 

3. Measure the impact of the proposed SAEV-network on the CA grid, GHG emissions, and 

CAPs.  

 

1.3 Objectives 

The following objectives are required to achieve the goals of this dissertation: 

 

Objective 1. Measure vehicle-centric energy impacts of SAEVs. 

  

Objective 2. Size and site SAEV stations for proposed deployment construct, and  

 measure fleet-centric energy impacts of SAEVs. 

Objective 3. Measure SAEV impacts on California energy grid, GHG emissions, and  

 CAPs. 
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2. Background 

 This chapter contextualizes this dissertation, and shares relevant research activities which 

inform the research direction. Topics reflect the objectives that will be achieved, and range from 

transportation and vehicular technology, to matters concerning the energy grid and air quality.   

2.1 Transportation, Energy, and the Environment 

Transportation is the movement of people and goods from one location to another. While 

transportation previously largely relied on human and animal labor, modern means of 

transportation largely rely on the combustion of fossil energy resources. As of 2018, 

transportation as a whole accounts approximately 28% of all energy consumed in the United 

States, and is the second largest consumer of energy overall according to the U.S. Energy 

Information Administration (US EIA) [11]. As with the other sectors, energy demand is 

generally increasing over time, as can be seen below in Figure 1. 

 

Figure 1: Energy Consumption by Sector, 1949-2018, Quadrillion BTU (Source U.S. EIA)  

The primary source of energy for the transportation sector is petroleum, and the associated 

greenhouse gas (GHG) impact of transportation is larger than any other sector, as shown in 

Figure 2. 
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Figure 2: (Left) Transportation Sector Energy Consumption, by Major Source, Quad. BTU (Source U.S. EIA)   

(Right) Carbon Dioxide Emissions from Energy Consumption by Sector (MMT CO2), Source: (U.S. EIA)  

 The transportation sector includes air, rail, waterway, and roadway means of travel. Of these 

modes, transportation via roadway accounts for 82% of domestic GHG emissions [12]. Light-

duty vehicles (LDVs) such as passenger cars, vans, and pickup trucks contribute the most 

towards overall transportation sector GHG emissions at 59%, as seen below in Figure 3.  

 

Figure 3: U.S. Transportation Sector GHG Emissions by Source, 2017, Source: U.S. E.P.A. 

Note that despite the energy consumption of LDVs increasing as a whole in the US, the 

efficiency of individual LDVs sold in the US has been trending upwards significantly in the past 

few decades, as illustrated in Figure 4 [13]. 
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Figure 4: Estimated Real-World Fuel Economy and CO2 Emissions, Source: US EPA 

Of the LDVs on US roadways, only a small number are EVs, such as Battery Electric 

Vehicles (BEVs) and Fuel Cell Electric Vehicles (FCEVs). Though EVs are just a small number 

of the overall LDVs in the United States, the number of EVs is expected to increase throughout 

the United States as depicted in Figure 5 [14]. 
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Figure 5: U.S. Light Duty Vehicle Stock, Present and Projected (Source: U.S. EIA) 

California is a particularly ambitious state when it comes to the transition towards EVs from 

ICVs, even though the efficiency of ICVs is increasing. California has approximately 500,000 on 

the road as of 2019, the most EVs of any state. While this represents about 3.5% of the total 14.8 

million LDVs registered in California, former California Governor Edmund G. Brown Jr. issued 

an Executive Order calling for 5 million EVs to be on California roads by 2030 [15], [16]. 

The transition towards EVs in California is rooted in the challenges for attaining healthy air 

quality for much of the state. Figure 6 shows that on a relative scale, counties in California are 

the most severe areas of non-attainment for National Ambient Air Quality Standards (NAAQS) 

of the Criteria Pollutants: Lead, Carbon Monoxide, Ozone, Particulate Matter of sub-10 and sub-

2.5 micrometers in diameter, Sulfur Dioxide, and Nitrogen Dioxide. Much of central and 

southern California struggle to meet air quality standards at least six of the seven criteria 

pollutants.   
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Figure 6: U.S. Counties in Nonattainment of National Ambient Air Quality Standards, 2019, Source US EPA 

Such nonattainment in California is predominantly the result of transportation sector activity, 

though unlike GHG impacts, LDVs overall emit less criteria pollutants than HDVs for California 

[17]. No matter, such nonattainment clearly remains a pernicious issue for California, and thus 

necessitates emissions reductions of the LDV fleet via a transition to EVs or by other emerging 

opportunities in transportation.  
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2.2 Transportation Revolutions: Autonomous, Electric, and Shared 

The conventional automobile that has become ubiquitous over the past 100 years is one that 

uses human inputs for driving decisions, one that uses petroleum fuel, and one that mostly 

conveys a single person from place to place. Researchers have identified the convergence of 

several automotive trends: that vehicle automation is becoming a reality, electric powertrain 

technologies (i.e., those of BEVs and FCEVs) are becoming more accessible, and the public is 

increasingly in favor of shared on-demand mobility options (e.g., ride hailing and ridesharing) 

[10]. This dissertation aims to quantify what these revolutions together can portend for the 

energy grid and environmental quality in California. Therefore, a brief background on each is 

provided.  

2.2.1 Autonomous Vehicle Overview  

Until recently, the notion of a car driving itself was considered a little more than science 

fiction. This all but confirmed with the DARPA Grand Challenge of 2004. Teams consisting of 

the best robotics engineers and researchers from around the world assembled upon a 130-mile-

long stretch of American desert roadway to test their self-driving vehicles. The first robot to 

complete this course would win, so long as the only human input was a command to start the 

journey. Unfortunately, none of 100-or-so teams made it farther than seven miles. Some took this 

conclusion as proof of conventional wisdom – that robotic cars are still a long way off, and that 

so called smart-vehicles would require smart-roadways (i.e., supporting infrastructure to help the 

vehicles along). 

But the 2005 re-match saw several teams completing the challenge. These teams proved that 

it is possible for robotic vehicles to traverse roadways without help from the roadways via 

embedded magnets, wires, or the like. This meant that the deployment of autonomous vehicles 
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may not necessarily depend on local government investment into infrastructure. Rather, 

autonomous vehicles were proven capable of assessing their surroundings with built-in sensors 

and reaching safe driving decisions on their own. Recognizing this opportunity, Google hired 

former participants in the DARPA Challenge, and in 2010 unveiled their Google Autonomous 

Vehicle Project, now named Waymo. The rate of progress was shared to be 5-years of safe 

driving in 2010, 1000 in 2012, and (from a fleet of 24 vehicles) 50,000 in 2014. Now, as of 2019, 

a human is required to take control of a Waymo autonomous vehicle about once every  

11,000 miles on public roads [18]. This is essentially the same distance the average American 

drives each year, all while needing to take control of the vehicle one time [19]. From an odds-

defying 130-mile journey in remote desert, to an average of 11,000 miles of safe driving in 

dynamic, everyday streets in the span of about 15 years. There is good reason why autonomous 

vehicles are taken seriously as a potential solution for some of the most serious problems of 

contemporary life. 

State-of-the-art autonomous vehicles depend on a suite of sensor technologies to perceive the 

surrounding environment and make safe driving decisions. Many sensors are already being 

installed on contemporary human-driven vehicles to enhance safety and have the potential to 

enhance fuel economy [20]. The sensors typically installed include some combination of the 

following: Vehicular Camera Systems (VCS), Vehicular RADAR Systems (VRS), Vehicular 

Ultrasonic Sensors (VUS), LiDAR, Vehicle to Vehicle Communications Systems (V2V), and 

Vehicle to Infrastructure Communication Systems (V2I). Each sensor offers a different 

perspective on the surrounding environment, and each has strengths and weaknesses. Therefore, 

it is common practice to combine sensors for comprehensive and robust perception. 
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Contemporary autonomous vehicles fall into two general categories for sensor installations, low-

profile and high-profile as illustrated in Figure 7 below [21], [22].  

 

Figure 7: Low and High-Profile Autonomous Vehicle Sensor Integration 

 A brief overview of common autonomous vehicle sensors is provided below. 

2.2.1.1. Vehicular Camera Systems 

A VCS measures and processes visual information via one or more cameras together with 

image processing software. VCSs are relatively lower cost than other sensors and are typically 

simpler and easier to install [23]. However, the effectiveness of a VCS depends on the quality of 

visual information near the sensor and vehicle. Such visual quality can be dramatically affected 

by poor weather conditions or by dust and debris [24].  

Contemporary uses for VCSs are in safety features, such as detecting unsafe vehicle 

distances in Forward Collision Warning systems and unsafe lane position in Lane Departure 

Warning systems [25]. It is likely that VCSs will become more useful as innovation in continues 

in image processing, and computing power continues to decrease in cost [26]. While safety 

improvements are already being realized, modern VCSs are beginning to reliably distinguish 

between roadway objects such as pedestrians, cyclists, trucks, cars, and traffic signs in complex 

real-world driving scenarios [27]. 
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2.2.1.2. Vehicular Radar Systems 

A VRS measures the position and movement of an object by emitting and detecting radio 

waves as they reflect off objects surrounding the vehicle with typical ranges between 100 and 

200 meters [28]. Much like VCSs, VRSs have been proven effective in the safety context, and 

they have been merged with VCSs for use in Forward Collision Warning systems and Adaptive 

Cruise Control systems. VRSs are limited in their ability to interpret details of the object they are 

detecting (e.g., a VRS cannot decipher the information on a sign as a VCS may be able to), but 

VRSs can provide robust object detection measurements despite visual obscurities, making for a 

strong pairing between a VRS and VCS [29].  

2.2.1.3. LiDAR Systems   

LiDAR operate similar to VRSs in principle, only that LiDAR sensors emit and detect the 

reflection of infrared light from surrounding objects for environmental perception [30]. LiDAR 

sensors, which are currently exclusively used for autonomous vehicles, typically send precise 

beams of infrared laser light in 3-dimensions, creating a perception of nearby objects that does 

not depend on available ambient light, like a VRS, and is able to distinguish between object type 

(e.g., pedestrian or vehicle, etc.), like a VCS [31]. However, also similar to a VCS, LiDAR 

effectiveness can be compromised by visual obscurities such as precipitation and debris. While 

presently LiDAR is included in numerous contemporary autonomous vehicle designs, the future 

importance of LiDAR in autonomous vehicles is less certain. As VCS image recognition and 

computational techniques improve, LiDAR may offer relatively less advantages, and may 

continue to be a relatively technologically complex and expensive sensor compared to VCSs 

[32].  
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2.2.1.4. Ultrasonic Sensor Systems   

Ultrasonic sensors operate like VRS in concept, though ultrasonic sensors emit and detect 

high frequency sound waves to gauge distance. These sensors are similar to VRS in that they do 

not depend on visual information for measurements, and are similar to VCSs in particular due to 

relatively low cost, technological simplicity, and that they are increasingly common in modern 

vehicles [33]. However, unlike VRS, they are used for proximity warnings, typically within 

several meters, such as blind spot monitoring on highways or in parking accident prevention. For 

use in an autonomous vehicle, ultrasonic sensors are a relatively inexpensive means of adding 

robustness to visually garnered information through VCSs. 

2.2.1.5. Vehicle to Vehicle Communication (V2V) Systems   

V2V systems exchange telemetric data between two or more vehicles. Such data may 

include: time, location, vehicle ID, velocity, acceleration, braking status, and more. V2V systems 

typically operate using Dedicated Short-Range Communication (DRSC), which uses Wi-Fi 

transmitters with range of approximately 300 meters, as defined in the Wireless Access in 

Vehicular Environments (WAVE) standard [34]. V2V has safety applications just like VRSs and 

VCSs, while also having relatively high potential energy savings [35]. V2V allows for 

coordination between vehicles not necessarily in the direct vicinity, or in the line-of-sight of the 

vehicle. For example, platooning is a V2V-supported energy saving concept where two or more 

vehicles can safely follow one another at close distance as enabled by the coordination of vehicle 

speeds. The result of this closer following distance is decrease in aerodynamic drag, and thus, a 

reducing in the force and energy required for the following vehicles [36]. As another example, 

perceiving the locations, speeds, accelerations, and decelerations of surrounding vehicles allows 

the V2V-enabled vehicle to perform driving actions in a more efficient manner than otherwise 
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possible. A V2V-based efficiency-promoting driving suggestion tool was created to measure the 

impact of such smoother driving behavior, which increased fuel economy by approximately 20% 

for otherwise aggressive drivers, and about 5-10% for more moderate drivers [37]. Researchers 

have also found that it isn’t necessary to have roadways entirely populated with V2V-enabled 

vehicles to garner benefits. Studies using computer simulation have shown that safety and 

efficiency benefits are possible to achieve with only about 5-10% of vehicles connected (i.e., 

V2V-enabled), with valuable traffic density information possible to garner with as little as 2% of 

a vehicles connected [38]–[40].   

2.2.1.6. Vehicle to Infrastructure Communication (V2I) Systems   

Just like V2V systems, V2I systems exchange telemetric data to perceive the environment.  

A V2I system is essentially a V2V system, only used not to communicate information between 

vehicles but between vehicles and one or more infrastructure points on roadways or traffic lights. 

V2I and V2V systems predominantly use the same basic wireless technology to enable data 

transfer. To help differentiate between these two systems, some applications of V2V technology 

may include: platooning and cooperative adaptive cruise control (CACC), pre-collision and lane-

change warnings, and for emergency messages alerting traffic of a disabled vehicle ahead. 

Depending on the exchange of information between vehicles and the infrastructure, some 

applications of V2I technology may include some of the aforementioned V2V applications, 

though more common V2I applications enable the cooperation between vehicles and traffic 

signals such as Signal Phase and Timing (SPaT), and Variable Speed Limit controls [41], [42]. 

As with V2V, vehicle efficiency can be enhanced by cooperation between vehicles and 

infrastructure by reducing stop and go traffic and other often preventable speed oscillations. V2I 

technology has been found to have a potential fuel economy benefit somewhere between 10-25% 
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in real-world demonstration projects, and up to 40% in situations where stop-and-go behavior at 

traffic lights is prevented in computer simulations [43], [44].  

2.2.2 Electric Vehicle Overview 

 Whether motivated by environmental concerns, energy security, or by improved 

performance, the future of transportation is shifting from petroleum dependent ICVs and towards 

BEVs and FCEVs. Both EVs have no harmful tailpipe emissions, and both represent a major 

improvement from the negative consequences of our current ICV paradigm. But in the context of 

an autonomous and shared future, one must explore the numerous tradeoffs between these 

different technological platforms. 

2.2.2.1 Battery Electric Vehicles 

Battery Electric Vehicles (BEVs) have been increasing in number on domestic roads at a 

slow but steady pace, but they are nothing new. BEVs were invented in 1834, and BEV taxi 

fleets were operating in London in the late 19th century [45]. Despite early success, BEVs 

quickly fell out of favor when the better range and refueling time of the ICV platform came into 

prominence in the early 20th century. The ICV has dominated LDV mobility worldwide ever 

since, and only recent environmental motivations together with technological improvement (e.g., 

larger range and shorter recharging time) have brought BEVs into focus as a favorable LDV 

mobility option.  

BEVs use chemical potential energy stored in batteries to provide electricity for electric 

motors, which use this electricity to propel the vehicle forward. While numerous battery choices 

for use in BEVs are available, the choice in battery technology will dictate vehicle range, power, 

charging rate, weight, and operating conditions such as suitable temperatures. Previous BEVs 

have used Lead-Acid Batteries (LABs), such as the early versions of the General Motors EV1 
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from the mid-1990s. However, low energy and power density made for relatively heavy vehicles 

that could not compete favorably with ICVs, and the use of lead raises environmental concerns 

[46], [47]. As with other BEVs of the late 20th century, the second generation EV1 was outfitted 

with Nickel Metal Hydride (NiMH) batteries. NiMH batteries improved the performance slightly 

from LABs and lessened the environmental concerns of the previous batteries, but ICV 

performance in terms of range and speed of refueling was still significantly better from the user 

perspective.  Contemporary BEVs which rival ICVs use Lithium-Ion (Li-Ion) Batteries, which 

have greatly improved the performance of automotive battery packs. Typical Li-Ion BEVs, such 

as the Tesla Model S, provides range of up to 300 miles with the ability to charge to 80% battery 

capacity in as little as 40 minutes. While the expense of BEVs with such performance is greater 

than comparable ICVs, researchers believe that costs will decrease to the level of mass-market 

consumer appeal sometime in the 2020’s [10]. 

BEVs are an EV option that is supported by an electricity grid. BEVs can be charged at 

different rates, referred to as one of three levels, as shown in Table 1 below: 

Table 1: BEV Charging Levels, Power Options, and Notes 

Charging 

Level 
Power (V*A=kW) Notes 

Level 1 120V * 20A = 1.4kW 

Level 1 is the standard wall-outlet power rating for the 

United States. With as little as a 5-miles-of-range per 

hour, this level could take to 52 hours to fully charge a 

300-mile BEV  

Level 2 

208V * 40A = 6.2kW 

Or 

240V * 40A = 7.6kW 

Level 2 is also a commonly found household power 

rating, usually for large appliances such as clothes 

driers. When charging vehicles, BEV owners can expect 

about 22-miles-of-range per hour, which could take 

about 12 hours to fully charge a 300-mile BEV. 

Level 3 600V * 400A = 240kW 
The fastest option available, Level 3 can charge at the 

rate of 300-miles-of-range per hour. 
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The environmental impact of BEVs largely depends on the mix of energy resources that 

supply that energy grid, as the environmental detriment of the mining, transport, production, and 

disposal of BEV batteries has been found to be relatively insignificant by comparison [48].  

While ideally the electricity used in BEVs would be renewable and clean, the domestic energy 

resources in the United States are all sufficiently efficient to provide BEVs with clean enough 

power to represent a significant environmental improvement from ICVs [49].  

In the context of autonomous and shared vehicles, BEV-SAVs don’t need to charge when 

convenient for the consumer (e.g., BEV owners tend to charge their vehicle right after work) and 

can charge based on the demand for SAEV trips. Assuming most commuters continue to travel in 

morning and evening peaks, a fleet of BEV-SAVs could charge at times and rates more directly 

amenable to production and use of energy resources. This could mean charging BEV-SAVs at 

level 3 during peak solar energy production, which corresponds to a lull between peaks of travel, 

or charging at level 1 or 2 in the nighttime for load-balancing purposes. 

2.2.2.2 Fuel Cell Electric Vehicles 

Fuel Cell Electric Vehicles (FCEVs) use the chemical potential energy between Hydrogen 

and the Oxygen in air to create electricity using a fuel cell, which electricity is then used in 

electric motors to provide motive force. Compared to BEVs, FCEVs typically offer higher range 

at a lower price point, and as of 2018, a 300 mile FCEVs tends to cost about half that of a 

comparable BEV [10].  This is because FCEVs take advantage of the relatively high energy 

density of compressed Hydrogen gas, which allows not only allows the FCEV a relatively high 

range but also a faster refueling time, which is on the order of 5 minutes relative to the 40 

minutes for a BEV. As of 2018, approximately 5,000 FCEVs are registered in California, and 
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supported by about 40 hydrogen fueling stations with about 20 more with funding secured to 

come [50].  

As with the environmental impact of sources of electricity for BEVs, one must consider the 

environmental impact of the sources of hydrogen gas used for FCEVs. As of 2019, 95% of all 

hydrogen gas domestically produced comes from the steam methane reformation (SMR) of 

fossil-derived natural gas [51]. Even if using this fossil fuel, when used in FCEVs, the total 

carbon emissions of an FCEV using SMR-produced hydrogen is half that of a conventional ICV 

[52]. Just as the electricity grid can get cleaner with more renewable resources, so can the 

national hydrogen supply. For example, SMR can create hydrogen from bio-renewable methane 

sources such as wastewater treatment plants or landfills. Hydrogen can also be created by 

splitting water molecules apart in a process called electrolysis. The electricity used for such 

process could be renewable sources such as solar and wind, or low carbon such as hydropower or 

nuclear power. The concept of using renewable energy to electrolyze water for FCEVs has 

already been explored in depth by the academic community and industry alike [53], [54].  

Recognizing these opportunities to further reduce the overall carbon intensity of FCEVs, 

California has set the goal of dispensing hydrogen with at least 34% renewably-derived 

hydrogen at all in-state stations by 2024 [55].  

In the context of autonomous and shared mobility, FCEVs offer the strength of long range, 

fast refueling times, and less dependence on the surrounding electrical infrastructure. 

Researchers have found that the downtime caused by short range and long refueling time 

necessitates a larger SAV fleet to accommodate travel demand [5], [56], [57]. Therefore, the 

range and fueling performance of FCEVs could make for an attractive SAV powertrain option.  
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2.2.3 Shared Mobility Overview 

The concept of people sharing cars, bikes and scooters is nothing new. But recent innovations 

of GPS-enabled internet-connected devices and social networking platforms have made sharing 

modes of transportation easier and more convenient than ever before [58]. The term Shared 

Mobility is broad but is accepted to include services such as: ride-hailing (e.g., such as Uber and 

Lyft), ride-sharing or carpooling (e.g., UberPool, Waze Carpool), crowdsourced private shuttles 

(e.g., Bridj), and short-term mobility rentals (e.g., Zipcar and Car2Go for automobiles, JUMP for 

bikes and scooters). Transportation Networking Companies (TNCs) such as Uber and Lyft have 

recently evolved to become shared mobility platforms, allowing the consumer to choose the 

mode of transit they would like at that moment, whether a ride in a private car, a shared ride in a 

carpool, or a quick trip on a bicycle or scooter – all from one smartphone application. 

The increasing prominence of this technology-enabled Shared Mobility presents an 

opportunity to dramatically reduce transportation costs and improve transportation efficiency, 

particularly through easier and more convenient access to carpooling (i.e., enabling more people 

to share a single vehicle). Researchers note that automobiles are among the most underused 

capitol assets in the U.S. economy, being that they sit unused approximately 95% of the time, 

only to convey one occupant and therefore just a fraction of the capacity, the remaining 5% of 

the time [10]. Given the millions of vehicles around the world, recent Shared Mobility products 

offer a chance for consumers to not only benefit from potential cost savings, but also from a 

reduction in energy consumption and associated environmental consequences. These are recent 

shifts pushed by consumer demand, and it’s not just TNCs embracing this potential. Nearly all 

major automakers are at least discussing the consumer shift in preference from a private-

ownership model to more of a shared-ownership model, with some automakers investing in 
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TNCs (e.g., Daimler in Uber and Car2Go, GM in Uber and Lyft, Toyota in Uber, Ford in Lyft, 

etc.).  

If the trips of the future occur in autonomous and electric vehicles, with only one person per 

vehicle as is common today, just a fraction of the potential benefits would be realized. One 

benefit of shared (i.e., “pooled”, in this context) mobility would be a decrease in the number of 

vehicles necessary to support passenger travel. Researchers from MIT used a public dataset 

consisting of about 3 million taxi rides from over 13,000 New York City taxis to explore the 

potential for shared vehicles to accomplish these trips instead of, mostly, single customer rides. 

Shared vehicles with capacity of 1, 2, 4, and 10-seats were allocated between customers in a 

computer simulation using these real data, and performance was measured in terms such as 

waiting time and percentage of trips served. The researchers found that when efficiently shared, 

fleets of 3,000 vehicles a with 2 and 4-seats could serve 94% and 98% of requested trips with 

only 3.2- and 2.7-minute wait times, respectively. A fleet of shared 10-seat vehicles with a 2.8-

minute wait time would need to consist of just 2,000 vehicles, approximately 14.7% of the 

current NYC taxi fleet [59].  

2.3 Autonomous Vehicle Energy Impacts Overview 

 Transportation is becoming increasingly autonomous, electric, and shared. Researchers 

anticipate these shifts to have tremendous energy implications, which could be either positive or 

negative. A recent effort between several U.S. national laboratories quantified what these 

positive and negative energy impacts could be, and concluded that overall LDV energy use could 

either decrease by 60%, or increase by 200% [60]. Considering the environmental consequences 

and matters of energy security at stake, one must explore what affects these changes in 
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transportation energy usage in greater detail. For the purposes of this work, the following two 

categories of energy impacts will be explored:  

1) Vehicle-centric energy impacts, as related to energy efficiency possible on individual SAEVs 

2) Fleet-centric energy impacts, as related to how fleets of SAEVs are allocated and used.  

2.3.1 Vehicle-Centric Energy Impacts 

 Vehicle-centric SAEV energy impacts are generally positive. Aside from some additional 

weight, power consumption, and aerodynamic drag of SAEV sensors and computers, a 

significant overall benefit remains for deploying these sensors on the vehicle, as they enable 

individual SAEVs to drive more smoothly and efficiently (i.e., perform eco-driving). Moreover, 

if a consumer opts for a single-passenger ride, a one-seat vehicle may be allocated to that 

individual. The corresponding energy savings comes from the replacement of a 4-seat sedan 

most conventionally commuted in today with a smaller, lighter, and more energy efficient 

vehicle. When smoother-driving behavior is used to pilot more energy efficient vehicles, the 

result is compounding. U.S. national laboratories have found that eco-driving and vehicle 

resizing could reduce the energy consumption of SAVs by approximately 15% and 35% 

respectively, relative to a conventionally driven vehicle, as shown in Figure 8 [60]. When 

summed, the total vehicle-centric SAV energy impact can be expressed as the upper and lower 

bounds, as influenced by how much or little specific SAV characteristics affect the total energy 

consumption of that vehicle. These bounds are estimated to be between a maximum of 60% 

energy savings when compared to conventional vehicles to a minimum of 5% energy savings.      
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Figure 8: Vehicle-Centric SAV Energy Savings Estimation Bounds (Source: US NREL) 

 From this work, one can conclude that the largest potential for vehicle-centric energy savings 

comes from eco-driving (referred to as “Drive Smoothing” above) and vehicle re-sizing, relative 

to the other potential changes from SAEV technology. Smoother driving behavior can largely be 

affected by the vehicle technologies mentioned in section 2.2.1 Autonomous Vehicle Overview. 

For example, sensor combinations such as VCS and VRS can detect upcoming traffic situations 

and can help prevent fuel from being wasted by approximately 15% [61]. Connected vehicle 

technologies such as V2V and V2I can also play a significant role in eco-driving, as V2I can 

allow for coordination between stoplights and upcoming vehicles to prevent unnecessary stops, 

and as V2V can prevent stop-and-go traffic and enable platooning. These, and implications of 

vehicle re-sizing, will be addressed in greater detail in Chapter 4. 
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2.3.2 Fleet-Centric Energy Impacts 

Fleet-centric energy impacts pertain to the overall usage of SAEV fleets. SAEVs are 

expected to bring forth an even more convenient, accessible, and affordable transportation 

paradigm than what currently exists. This is a good thing in the sense that many underserved 

peoples (e.g., those with physical or financial limitations) will be able to benefit from greater 

access to transportation. However, the mindful allocation of SAEVs will be necessary.  

Historical transportation trends warn of negative consequences on the horizon. Historically, 

when transportation become more affordable and convenient, people will travel farther distances. 

This has been the case from walking, to horseback, to the present-day usage of the privately-

owned automobile. Researchers have provided a glimpse at what SAEVs could portend here by 

giving people access to SAEV-like services via free on-demand chauffeured vehicles. The result 

of this SAEV-like mobility service was an average increase in VMT of 83 percent across test-

groups of millennials, families, and retirees [62].   

Researchers have defined specific factors which can contribute to this VMT increase just as 

they have with vehicle-centric energy impacts. Their work indicates that fleet-centric impacts are 

heavily affected by easier travel as mentioned, while also being affected by the new access 

provided to underserved communities. Estimated bounds are shown below in Figure 9. 
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Figure 9: Fleet-Centric SAV Energy Savings Estimation Bounds (Source: US NREL) 

From this work, easier travel combined with access for the previously underserved represent 

the greatest possible increases in energy usage on a fleet basis. This study also quantifies the 

impact of shared rides in the minimum fleet-centric energy impact scenario. Note the relative 

effect that ease of transportation has on energy consumption even in the most conservative 

scenario. Ease of transportation brought on by SAEVs is expected to be a strong factor for future 

transportation energy consumption. However, the extent to which SAEVs deploy as shared  

(i.e., pooled) resources will play a significant role in determining how much the fleet-centric 

energy impacts will cause detriment to the energy and environmental goals set for the 

transportation sector.  
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 2.3.3 SAEV Stations and SAEV-Deployment Construct  

  Critical to fleet-centric SAV impacts are the facilities (i.e., stations) that must support such 

fleets. SAEVs would likely be centrally recharged or refueled, reducing the need for EV-

supporting infrastructure in homes, at workplaces, or in various public centers. There are 

numerous factors to consider for the operation of these stations, with two important factors being 

station sizing (i.e., number of parking spaces and recharging / refueling spaces) and siting (i.e., 

physical location). Researchers have investigated numerous deployment strategies, with various 

sizing and siting parameters, and their impacts to transportation network performance [63]. The 

construct explored by this work would use parking lots and parking structures, presently 

common locations for dormant privately-owned vehicles, for the support of SAEVs when in need 

of fuel or a charge. Therefore, these stations must be able to support the dispensing of alternative 

fuels, which can be sourced from either renewable or fossil sources. Below is an illustration of a 

relatively large station concept. 

 

Figure 10: SAEV Station Concept 

 Groups of such SAEVs stations, sited to efficiently serve nearby neighborhoods, form the 

basis for the SAEV deployment construct mentioned in the title of this dissertation. Specifically, 

the SAEV deployment construct for this work (i.e., the hypothetical “Nice-SAEV” program) 
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refers to the management of prototype SAEV fleets as they travel to-and-from SAEV stations 

and within nearby neighborhoods. The imagined purpose of the hypothetical Nice-SAEV 

program is to replace short-distance conventionally-driven trips throughout California with safe 

and efficient SAEVs. The research purpose for the Nice-SAEV program for this work is to 

provide a consistent framework (i.e., construct) for which to compare various prototype SAEV 

designs and measure the resulting fleet-centric impacts. Fleet-centric impacts are measured per 

prototype SAEV-design and include: total number of vehicles required per fleet, number of 

VMT, number of parking spaces required per SAEV station, number of charging/fueling-spaces 

required per station, and total energy consumed per day. Specific operating parameters are 

described in greater detail in Chapter 5.1, The “Nice-SAEV” Car and Ridesharing Program. 

There are many potential strategies for operating such a SAEV station construct. Generally, a 

shrewd SAEV fleet management strategy would likely operate vehicles to either be 1) conveying 

people or goods for revenue, 2) getting charged, refueled, or fixed, or 3) providing the energy 

grid with strategic load and ancillary services (e.g., vehicle-to-grid interaction, or V2G). The 

SAEV station is therefore a place of great activity. While possible with privately owned vehicles, 

user skepticism of providing grid services (e.g., more wear on the expensive-to-replace battery) 

and resistance to behavioral change (e.g., not wanting to drive on empty to work to charge) have 

proven to be significant in early grid-service-focused demonstrations. A SAEV fleet could 

ultimately transcend this concern and potentially allow for cooperation between the needs of the 

local power utility and the SAEV fleet via V2G or other grid services. 

Note that the scope of this dissertation covers BEV and FCEV-powertrain SAEVs, with BEV 

SAEVs operating with two different immediate charging protocols. Just as there are numerous 

possible prototype vehicle designs and this work opts to choose several to create and evaluate, 
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there are numerous possible charging and fueling protocols, amongst many other SAEV-

construct design decisions, from which a select few were chosen to form a basis for comparison. 

The purpose of this work is not to definitively predict the performance of future transportation 

networks, but rather contribute a toolset (e.g., FETCH) and research method (e.g., employing 

FETCH with ArcGIS, CSTDM, a SAEV-fleet management strategy, HiGRID, and GREET, etc.)  

for continuously evaluating the potential impacts of upcoming SAEV deployments.  

 2.4 Energy Grid Overview  

The energy grid is the network that produces and distributes energy resources (e.g., 

electricity, petroleum, natural gas, hydrogen, etc.) for consumption. The energy grid pertinent to 

this work is the California grid of electricity and hydrogen.  

 2.4.1 California Electricity Grid 

 Electricity grids generally follow the same architecture of production and distribution 

throughout the world. This architecture is illustrated below [64]: 

 

Figure 11: Basic Electricity Grid Architecture 

 Note that the power plant in the left of Figure 11 is flexible and can include many electricity 

producing resources, not necessarily ones that produce pollution as they generate electricity. As 
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of 2018, California’s electricity grid consists mostly of fossil resources, by installed capacity, as 

shown in Figure 12 below [65]. 

 

Figure 12: California Electricity Generation Resources, Installed Capacity, 2018, Dara Source, California Energy 

Commission 

 As one can see, just over 50% of the generation capacity of the present California electricity 

grid uses fossil fuels. This dependence on fossil resources in California is continuously 

decreasing in favor of renewable sources of electricity. Former California Governor Edmund G. 

Brown Jr. signed Senate Bill 100: California Renewables Portfolio Standard Program into law 

in late 2018, which legally requires 100% of electricity sold to customers in California be from 

renewable energy resources [66].  

 The benefits of shifting an electricity grid towards renewable energy resources include a 

reduction of GHG emissions, reduction of criteria pollutants, and improved domestic energy 

security. However, the intermittency of renewable energy resources, such as wind and solar 

photovoltaic (PV), constitute a major challenge for supporting an electricity grid [67]. 

Intermittency could be the interruption of electricity generation via clouds blocking sunlight or 

wind speeds changing over the course of minutes, days or weeks. Energy storage technologies 
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such as batteries and pumped hydropower (i.e., using electric water pumps to store water at a 

higher location, and then allowing water to flow down through those pumps as electrical 

generators when power is needed) alleviate these issues by providing electricity when needed. 

For a potential future with vast numbers of BEVs in use, there could be the potential to use the 

on-board batteries strategically in support of the electricity grid [68]. The need for such creative 

energy storage solutions is evident in the present-day operation of the California electric grid. 

Consider Figure 1Figure 13 below, which shows the phenomenon known as the duck curve [69].  

 

Figure 13: Duck Curve Chart, Actual 2013 Spring Day and Predicted Future Load Profiles, Source: NREL 

 This figure shows the conventional (i.e., all electricity generated to minus renewable 

electricity generated) required to support California for a given spring day. As the percent of 

renewable generation increases, of the reliance on conventional dispatchable electricity 

generation will be reduced, especially in the middle of the day when solar PV produces the most 

electricity. While reducing the reliance on fossil energy resources is a positive change, the duck 
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curve phenomenon illustrates challenges that California faces today. The deeper the duck curve 

sinks, the greater the strain on conventional electricity generation resources that must ramp-up to 

meet electricity demand at the end of the day, when solar PV no longer generates electricity. The 

duck curve phenomenon continues to worsen at present, further highlighting the need for energy 

storage technologies to alleviate adverse interactions between renewable and conventional 

electricity generation resources.  

 2.4.2 California Hydrogen Grid 

 Hydrogen, like electricity, is transported throughout California and can be created (i.e., 

converted from other molecules into a pure molecular form) from resources that can either 

derived from fossil fuels or from renewable resources. As described in 2.2.2.2 Fuel Cell Electric 

Vehicles, about 95% of hydrogen produced today is reformed from fossil resources. However, 

the hydrogen fuel used for transportation purposes in fuel cell vehicles will be required to 

contain at least 34% renewable hydrogen in California. Hydrogen is mostly used for industrial 

processes, such as the refining of petroleum products. Throughout the United States, billions of 

cubic feet of Hydrogen are produced each day for such purposes, as shown in Figure 14 [70]. 

One can imagine that the vast quantities of hydrogen presently reformed for the purposes of 

petroleum manufacture to support ICVs could instead be used to support FCEVs in a future 

paradigm. 
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Figure 14: Hydrogen Demand for Domestic Refining Processes (Billions of Cubic Feet / Day), (Source US EIA) 

 Hydrogen can be produced in large scale (i.e., on the order of 750,000 kg/day) via centralized 

plants or in intermediate-sized facilities which can produce between 5,000 and 50,000 kg/day of 

hydrogen [71]. For the purposes of the supporting the futuristic stations described in  2.3.3 

SAEV Stations and SAEV-Deployment Construct , one can consider several ways in which 

hydrogen can be allocated to the FCEV-SAEVs. Firstly, as is the case with supporting 

conventional hydrogen stations, hydrogen could be reformed at a central location and delivered 

to the SAEV-station via trucks. Second, the hydrogen could be reformed on-site with an 

intermediate-sized reformation facility. For perspective on the hydrogen required to support such 

stations, academic studies have estimated that SAEVs may drive approximately 300 miles per 

day [72]. Given that FCEVs presently use about 5kg for 300 miles of driving, a fleet of 1,000 

FCEV-SAEVs could be require about 5,000 kg of hydrogen per day. This would be possible 

using an intermediate-sized facility on-site, while eliminating the need for trucking and any 

associated inefficiencies or emissions, so long as a connection to the (rather extensive) natural 

gas pipeline would be possible. Furthermore, if renewable methane is used rather than natural 

gas, the resulting hydrogen would therefore be carbon-neutral overall [73].  On-site hydrogen 



33 

 

production can also be achieved with electrolysis. Electrolysis is a technology that is not 

presently implemented at scale for hydrogen production but represents another possibility for 

carbon-free hydrogen production by splitting water molecules into hydrogen and oxygen using 

renewable electricity.  

2.4 Background Summary and Research Gaps 

This section provides an overview of the relevant research works and research gaps which 

this work satisfies. There are several areas of interest: 1) vehicle-centric energy impacts of 

SAEV technologies on prototype vehicles, 2) the sizing and siting of SAEV stations, and  

3) the energy grid and environmental impacts of SAEV deployments. 

 As presented previously, researchers must first measure the energy efficiency impacts of 

individual SAEVs before measuring their overall energy impact in a larger system. The topic of 

automotive fuel efficiency is generally rich with research, though historically efforts have mostly 

concentrated on either improving human-driven ICV fuel efficiency or measuring the energy 

efficiency of robotic vehicles without consideration of the power, energy, and aerodynamic drag 

of the installed sensor technologies. For example, in the 1970’s domestic studies measured up to 

10% fuel economy improvements resulting from human driving behavior as improved with 

simple instructions and the addition of efficiency gauges for driver reference [74]. Such a study 

is an early glimpse into what efficiency a more competent robotic system could achieve from the 

vehicles of that era and driver assistance systems have grown to become increasingly 

sophisticated. More recently, a joint effort between a number of domestic research labs (i.e., 

NREL, ANL, ORNL, and the DOE) produced a comprehensive summary and analysis of the 

various vehicle and fleet-centric energy impacts for ICVs [61] . Gawron et al. estimated the 

effect of individual SAV-sensors in various configurations of ICV-SAVs and cited how 
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proportionally similar impacts could be expected of BEVs. They ultimately used these estimates 

for measuring the lifecycle GHG impacts for each configuration, but did not consider the FCEV 

powertrain [76]. Lee et al. performed an energy impact analysis, though not in the sensor-level 

detail, and used estimates from past studies to compare overall energy consumption differences 

between ICVs, HEVs, and BEVs to measure overall vehicle-centric energy impacts [77]. Wadud 

et al. performed a study to investigate the charges to domestic GHG related to vehicle and fleet-

centric aspects and accounted for the difference between ICV and BEV impacts by estimating 

differences between fuel sources and their impacts [78]. 

 A research gap still exists for a comprehensive SAEV design framework to evaluate the 

effects of individual SAEV sensors, their potentially negative and positive impact on energy 

efficiency (due to increased power consumption yet enabling of eco-driving and platooning), all 

for different SAEV powertrains. Testing SAEVs with BEV and FCEV powertrains, integrating 

different configurations of SAEV sensors, and testing each with various performance criteria 

(e.g., V2X range, drag reduction on platooning scenarios, etc.) altogether with the same research 

methodology, will bridge this gap. The FETCH framework designed to fulfil this requirement 

and to also remain adequately flexible such that each component of the simulation can be 

updated as SAEVs begin to take form and technologies improve over time (e.g., higher 

powertrain efficiency, lower sensor power consumption, etc.).   

 SAEV-fleets, and the siting and sizing of the stations which support them, has also become a 

fruitful research topic. Bauer et al. measured the impact of ICV, HEV, and BEV-SAEV fleets for 

their merit in replacing conventional fleets of New York City taxis. These researchers measured 

the role of BEV range, charging infrastructure required to support such network, and compared 

the associated energy consumption, GHG emissions, and criteria pollutants [57].  
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 Chen et al. studied how BEV-SAEVs deployed in Austin, Texas compare with ICV-SAVs on 

the basis of fleet size and passenger wait time when considering different vehicle range, capacity, 

and charging rate [72]. Another study in Austin by Loeb et al. explored the role of SAEV fleets 

on infrastructure siting decisions, finding a strong correlation between BEV-SAEV range and the 

number of charging stations required [56]. In the broader scale, Brownell et al. performed a 

statewide study on the fleet size and cost requirements for SAV fleets to perform all LDV trips in 

New Jersey, though this study did not allocate stations based on passenger demand, nor do they 

consider vehicle range or wait time [79]. A comprehensive review of such studies was recently 

published Pernestål et al., in which 26 SAV and SAEV simulation studies are compared in terms 

of methodologies and findings [63]. They found varying input parameters (e.g., passenger 

capacity, penetration rate, etc.) yet rather consistent results for waiting times, trip costs, and fleet 

sizes required. VMT results however, greatly depended on the assumptions made in the 

preliminary stages of simulation. Of the various vehicle parameters listed, FCEVs were not 

amongst those technologies compared in any of the studies evaluated. 

 It is important to note that researchers found advantages to the ICV powertrain relative to 

BEVs when comparing the required fleet size, largely the result of the greater downtime for due 

to shorter range and greater downtime to charge. This would suggest that FCEV-SAEVs have a 

relative advantage (i.e., in terms of the typically higher range and faster refueling time) for 

supporting a SAEV network with the fewest number of vehicles required. 

 A research gap therefore exists for a comparison between a BEV-SAEV and FCEV-SAEV 

network, and a study into the efficient construct and allocation of stations at the state-wide level. 

As was the case for the vehicle-centric impacts through FETCH, the methods of this research 

component are also designed such that SAEV deployments can be studied for strategies which 
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may take form in ways not presented in this work (e.g., BEV battery swapping, etc.). Just as with 

the vehicle-centric impacts, the relevant literature mentioned are used to source reasonable 

estimations for parameters not directly calculated in this work.  

 Lastly, interactions between ZEVs, the local energy grid, and the environment have also been 

rich topics of study. For GHG impacts in California, studies have explored BEV and FCEV 

fleets of LDVs and HDVs alike for their role in changing the demands on the state-level energy 

grid [80]–[82]. A similar range of studies have evaluated the environmental impacts of such ZEV 

fleets in terms of CAP emissions in either specific California air basins or statewide [83]–[85]. 

This research aims to provide and demonstrate a comprehensive research framework to better 

define what the environmental impacts of a fleet of BEV and FCEV-SAEVs would be in terms 

of GHG and CAP emissions, as distinguished from the conventionally-driven BEVs and FCEVs 

of past studies. 

 The goals of this dissertation are aligned with the research studies presented thus far. These 

studies are summarized in the table below for convenient comparison. 
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Table 2: Relevant Research and Literature Gaps 
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Evans, L., 

1979 [74] 

Human 

Factors 

Assessment of urban driving 

behavior on fuel economy and 

trip time using various driver 

instructions and instantaneous 

fuel economy readings 

No ICV No No N/A N/A N/A No No 

Tunnell, J., 

et al. 2018 

[86] 

SAE 

Define the upper limit optimal 

fuel based on advanced 

information, measure real-

world achievable fuel 

economy using two ADAS 

systems 

CS HEV ADAS No N/A N/A N/A No No 

Lee, J., et al., 

2019 [77] 

[Report. UT 

Austin] 

Estimates overall energy 

impacts of SAEVs based on 

summary of relevant energy 

impact studies  

V2V, 

V2I 

ICV, 

BEV 

Eco-

Driving, 

Platoons 

Yes 

(agg.) 
N/A N/A N/A No No 

Wadud, Z., 

et al. 2016 

[78] 

Transportation 

Research Part 

A 

Estimates energy impacts due 

to partial and full automation 

as defined by various vehicle 

and fleet-centric estimations, 

calculates changes in GHG 

emissions 

Agg. ICV 

Eco-

Driving, 

Platoons, 

Re-

Routing, 

Resizing, 

Faster 

Speeds 

Yes 

(agg.) 
N/A N/A N/A No GHG 

Stevens, T., 

2016 [60] 

[Report. ANL, 

NREL, 

ORNL, DOE] 

Estimates the bounds of 

overall energy impacts due to 

various vehicle and fleet-

centric impacts and behaviors, 

in partial and full automation 

scenarios 

Agg. ICV 

Eco-

Driving, 

Platoons 

 

No N/A N/A N/A No No 

3
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Gawron, J., 

et al., 2018 

[76] 

Environ. Sci. 

Technol. 

Measures energy impact of 

SAEV sensors, performs life 

cycle assessment of impact on 

SAEV and assoc. GHG 

Agg. 
ICV, 

BEV 

Eco-

Driving, 

Platoons, 

V2I, 

Faster 

Speeds 

Yes N/A N/A N/A No GHG 

Chen, T., et. 

al. 2016 [72] 

Transportation 

Research Part 

A  

Single occupancy SAEV fleet 

simulated using agent-based 

model, measures effect of 

range and charging rate 

(L2/L3) on: fleet size, VMT, 

passenger wait time, 

estimated trip costs, and 

vehicle replacement 

No BEV No No 

Yes: 

80, 

200 

mi. 

No: 

SOV 

City: 

Austin 

TX., 

USA 

No No 

Bauer, G., et. 

al. 2018 [57] 

Environmenta

l Science & 

Technology 

BEV and HEV SAEV fleets 

simulated for New York City 

based on taxi data using 

agent-based model. Measured 

role of range on: fleet size, 

cost, and location of charging 

locations required (as 

applicable) 

No 
BEV, 

HEV 
No No 

Yes 

10-

100 

mi. 

Yes: 

1,2,4,10 

City: 

NYC 

NY, 

USA 

No No 

Loeb, B., et 

al. 2018 [56] 

Transportation 

Research Part 

C: Emerging 

Technologies 

Shared autonomous electric 

vehicle (SAEV) operations 

across the Austin, Texas 

network with charging 

infrastructure decisions. 

Explored the relationship 

between fleet size and 

charging infrastructure 

required 

No 
ICV, 

BEV 
No No 

Yes: 

100, 

325 

Yes: 

1-10 

City: 

Austin, 

TX, 

USA 

No No 

3
8
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Hyland, M., 

et al. 2018 

[87] 

Transportation 

Research Part 

C: Emerging 

Technologies 

Studies SAEV operations for 

Chicago. Measures SAEV 

deployment performance for 6 

strategies. Found a 

dependence on the waiting 

time, fleet size performance to 

service area 

No N/A No No No No 

City: 

Chicago 

IL, 

USA 

No No 

Brownell, C., 

et al. 2014 

[79] 

Transportation 

Research 

Board 

Measures the fleet size and 

associated costs of two state-

level autonomous vehicle 

networks in New Jersey  

No N/A No No No No 

State: 

NJ, 

USA 

No No 

Pernestål, A., 

et al. 2019 

[63] 

European 

Journal of 

Transport and 

Infrastructure 

Research 

Review of 26 SAV/SAEV 

simulation studies, evaluated 

for methods and results, 

comparisons made between 

primary attributes (e.g., range, 

wait time, VMT, etc.) 

No Yes No No Yes Yes 

Urban, 

City, 

State, 

Country 

No No 

Forrest, K., 

et al. 2016 

[80] 

Journal of 

Power 

Sources 

Uses HiGRID to measure 

GHG impacts resulting from 

various BEV charging 

protocols (i.e., immediate 

charging, smart charging, and 

V2G), for 2030 and 2050 

Renewable Portfolio 

Standards (RPS) 

No BEV No No No No 
State, 

CA 

Yes: 

GHG 
No 

Tarroja, B., 

et al. 2015 

[81] 

Energy 

Uses HiGRID to measure 

impacts of various vehicle 

powertrains, in large scale 

deployment, on California 

energy resource mixes and 

GHG emissions  

No 

PHEV, 

BEV, 

FCEV, 

PFCEV 

No No 
Yes: 

(Var.) 
No 

State, 

CA 

Yes: 

Mix, 

GHG 

No 

3
9
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Wang, S., et 

al. 2019 [82] 

Applied 

Energy 

Evaluates several end-uses for 

excess renewable energy 

based on cost and GHG 

reduction using HiGRID 

No 
BEV, 

FCEV 
No No No No 

State, 

CA 
No GHG 

Hendrickson, 

T. P., et al. 

2015 [83] 

Environmenta

l Research 

Letters 

Performs a Life-cycle 

Analysus (LCA) on Plug-in 

Electric Vehicles in 

California, measures 

corresponding impacts, 

including GHG and CAP 

using GREET 

No BEV No No No No 
State, 

CA 
Yes 

GHG, 

CAP 

Huo, H., et 

al., 2009 [84] 

Atmospheric 

Environment 

Uses GREET to measure 

Well-To-Wheel CAP 

emissions for several different 

vehicle powertrains  

No 

ICV, 

HEV, 

BEV, 

FCEV 

No No No No 
State, 

CA 
No CAP 

Lajunen, A., 

et al., 2016 

[88] 

Energy 

Performs LCA for various-

powertrain busses, compares 

CO2 emissions of each for 

Finland and California 

scenarios  

No 

ICV, 

HEV, 

BEV, 

FCEV 

No No No No 

Country 

Finland 

State, 

CA 

No CO2 

 

4
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3. Approach 

3.1. Tasks 

Task 1. Measure Vehicle-Centric Energy Impacts of SAEVs  

This task measures the vehicle-centric impacts of SAEV technologies and is complete when 

a set of efficiency measures are garnered for a group of prototype SAEVs. This task starts with a 

literature review to establish the energy efficiency improvement potential for individual sensor 

technologies on non-autonomous vehicles. This will establish which sensor technologies have 

the greatest potential for efficiency improvement when these sensors are ultimately installed on 

prototype SAEVs.  

After the literature review, a simulation framework to evaluate the energy, environmental, 

and traffic improvement of future vehicular technologies will be developed. This framework will 

allow the researcher to design individual SAEV prototypes (e.g., by varying powertrain, weight, 

drag, etc.) and design and test connected vehicle protocols (e.g., communication range, latency, 

vehicle speed profile, etc.) to measure the overall impact of vehicle re-sizing, eco-driving in a 

city scenario, platooning in a highway scenario, and other vehicle-centric energy opportunities 

on custom vehicles. This framework is used to garner results based on various SAEV 

architectures and can be updated with future vehicle performance metrics as ZEV and AV 

technologies continue to improve. 

Task 2. Size and site SAEV stations for proposed deployment construct, and measure   

  fleet-centric energy impacts of SAEVs 

This task uses California Department of Transportation (Caltrans) model trip data to determine 

the capacities and locations of SAEV stations. The results of this task include a measurement of 
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the VMT necessary to serve future trips of Californians within the parameters of a hypothetical 

neighborhood-SAEV (i.e., Nice-SAEV) program, as well as other SAEV-fleet metrics which vary 

depending on the prototypes used. Trip data are sourced from the Caltrans Short Distance Travel 

Demand Model (SDTDM), which was validated for the year 2010 and includes a 2050 forecast of 

all trips taken in California for a representative fall day. These trips are spatially allocated across 

5,454 transportation analysis zones (TAZs), and each TAZ is weighted according to trip activity 

likely to be performed by SAEVs. These data are imported into ArcGIS, which is used to allocate 

concept SAV stations with current Park-and-Ride facilities as candidate sites.  

With SAEV stations sized and sited, each SAEV prototype can be evaluated for relative fleet-

centric impacts in terms of: total number of vehicles required per fleet, number of VMT, number 

of parking spaces required per SAEV station, number of charging/fueling-spaces required per 

station, and total energy consumed per day. Fleet-centric and vehicle-centric impacts are then used 

as inputs for Task 3. 

Task 3. Measure Energy Grid, GHG, and CAP Impacts of SAEVs 

This task uses the vehicle and fleet-centric measurements from Tasks 1 and 2 as the inputs to 

the California statewide energy grid model HiGRID and the well-to-wheel energy and emissions 

model GREET. The results of this task will be:  

1) The measurement of projected California grid impacts using HiGRID, including: energy 

resource mixes, GHG emissions, and Criteria Air Pollutants (CAPs) corresponding to 

SAEV fleet deployments  

2) The measurement of projected transportation sector impacts in terms of GHG and CAPs 

using the GREET model.  
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4. Measure Vehicle-Centric Energy Impacts of SAEVs 

The overall objective for this task is to measure vehicle-centric impacts of SAEV technology, 

thus producing an efficiency measurement for a group of prototype SAEVs. This task starts with 

a literature review to establish the energy efficiency improvement potential for individual sensor 

technologies on non-autonomous vehicles. This will establish which sensor technologies have 

the greatest potential for efficiency improvement when these sensors are integrated with SAEVs. 

Some of the material from this section has been published in an article titled ‘A Review of 

Sensor Technologies for Automotive Fuel Economy Benefits’. The copyright for this work 

belongs to SAE International © 2018 [89]. 

After the literature review, a simulation framework to evaluate the energy, environmental, 

and traffic improvement of future vehicular technologies will be developed. This framework will 

allow the researcher to design individual SAV prototypes (e.g., by varying powertrain, weight, 

drag, etc.) and design and test connected vehicle protocols (e.g., communication range, latency, 

vehicle speed profile, etc.) to measure the overall impact of vehicle re-sizing, eco-driving in a 

city scenario, platooning in a highway scenario, and other vehicle-centric SAV energy 

opportunities on custom prototype vehicles. This framework is used to garner results based on 

various SAV architectures and can be updated with future vehicle performance metrics as SAEV 

technologies continues to improve. Some of the material from this section has been published in 

an article titled ‘A Planning Tool to Assess Advanced Vehicle Sensor Technologies on Traffic 

Flow, Fuel Economy, and Emissions’. The copyright for this work belongs to SAE International 

© 2018 [35]. 
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4.1 Automotive Sensor Literature Review  

Vehicle fuel efficiency can be enhanced when environmental signals in the near vicinity of 

the vehicle are better interpreted by drivers or by running control systems, whether a car is in 

stop-and-go traffic, approaching a lower speed zone, or approaching an intersection. Many 

sensor technologies can be integrated with a vehicle to aid in detecting environmental signals, 

though a wide range of technological capability, maturity, cost of integration, flexibility of being 

integrated with other sensor technologies, and robustness is required to detect environmental 

signals under various environmental conditions. This review addresses the advantages and 

disadvantages of various sensor technologies for their potential to enhance vehicular fuel 

economy. 

The review is structured as follows. First, the review identifies (1) the environmental signals 

that can be detected to improve vehicular fuel efficiency and (2) the state-of-the-art sensor 

technologies that can be used to detect these signals. The review focuses on sensor technologies 

with a relatively strong promise as documented in previous academic works and collaborations 

with auto manufacturers and demonstration projects. Second, from this initial step, each sensor is 

analyzed for the potential to achieve an improvement in fuel economy and vehicular integration. 

Note that while the studies presented consistently measure efficiency impacts of standard internal 

combustion powertrain type, the fuel economy changes cited are indicative but not precise based 

on assumptions made. 

 4.1.1 Preliminary Review of Environmental Signals and Corresponding Sensor Technologies  

 The review begins with determining the environmental signals that are amenable to 

enhance fuel economy. Safety technology signals are considered as well. For example, vehicle 

response to safety-critical scenarios, such as preventing a forward collision, can be associated 
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with vehicle efficiency scenarios, such as preventing excessive acceleration and deceleration. 

Therefore, the review begins with demonstration projects and academic publications which test 

and evaluate state-of-the-art technologies that mitigate major threats to both efficiency and 

safety. 

 4.1.1.1 Slowing or Stalled Vehicles 

 Slowing or stalled vehicles pose a safety risk to drivers, and the sensor technologies designed 

to preclude a frontal collision can also be used to mitigate the effects of excessive accelerations 

and decelerations. To this end, several research initiatives have evaluated sensor technologies 

to address slowing or stalled vehicles. For example, a “Grand Cooperative Driving Challenge 

(GCDC),” held in 2011, was designed to explore practical applications associated with 

Cooperative Adaptive Cruise Control (CACC) systems, namely, adaptive cruise control (ACC) 

systems with vehicle-to-vehicle (V2V) telemetry. Sensor technologies such as vehicular radar 

systems (VRS), camera systems (CS), Light Detection and Ranging (LiDAR) systems, and V2V 

communication options were evaluated [90]–[92]. While CACC systems were estimated to 

improve fuel economy by approximately 10%, the results of neither the 2011 GCDC nor a 

second GCDC in 2016 [93]  published results validating this 10% estimate. While the GCDC 

held in 2016 continued an assessment of CACC, fuel saving was not emphasized as a principal 

focus [93]. 

 A second example is the “Automotive Collision Avoidance System Field Operational Test” 

involving the National Highway Traffic Safety Administration (NHTSA) and the General 

Motors Company. Together, these entities investigated forward collision warning systems and 

ACC systems incorporating VCS and VRS for their ability to improve driver safety and user-

friendliness [94]. A third example is the “Connected Vehicle Safety Pilot” lead by the U.S. 
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Department of Transportation (USDOT) and automakers to test V2V and V2I technologies in 

real-world scenarios for their ability to prevent crashes without distracting drivers [95]. 

 A fourth example is the “CAR 2 CAR Communication Consortium” where over 12 major 

automakers collaborated to develop industry standards for an array of connected vehicle 

technologies such as V2V and V2I [96]. Finally, the “Crash Avoidance Metrics Partnership 

(CAMP),” a collaborative research initiative conducted by a number of automakers together with 

the National Highway Traffic Safety Administration (NHTSA), evaluated the capabilities of 

connected vehicle systems such as V2V and V2I to enhance driver safety in a multitude of 

driving scenarios [97]. 

 4.1.1.2 Stoplights and Stop Signs 

 Stoplights and stop signs can create scenarios for fuel efficiency loss when signals change or 

the location of these signals is unknown to the driver. Research efforts offer insight into how 

these signals can work collaboratively with drivers and vehicular systems and to what extent 

travel efficiency can be improved. Research projects such as the “Cooperative Vehicle-

Infrastructure Systems (CVIS)” have developed a real-world technological platform to enable 

data transfer between vehicles and the surrounding transit infrastructure with the goal of 

enhancing driver awareness and transportation efficiency [98]. 

 The “Dynamic Information and Application for Mobility with Adaptive Networks and 

Telematics Infrastructure (DIAMANT)” project strived to meet similar goals with regard to 

using V2V and V2I technology to keep drivers informed of potentially changing traffic patterns 

[99]. The “Safe and Intelligent Mobility-Test Field Germany (simTD)” project performed a real-

world test of connected vehicle technologies and determined ways to resolve technical issues 

surrounding V2I communication [100]. 
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 4.1.1.3 Weather Conditions 

 Weather conditions can play a significant role in the efficiency of a journey. Therefore, it is 

important for drivers to be aware of the optimal route to take. In this context, researchers have 

proposed real-time weather notification systems to inform drivers and running control systems 

by using various sensors placed both along roadways and within vehicles [101]. Such research 

enhances both safety and fuel economy. In particular, adapting vehicle speed to safely avoid 

hazards also enables vehicles to conserve fuel when approaching these hazards. Similarly, 

onboard VCS have been proposed to alert drivers of increasingly hazardous levels of 

precipitation, allowing drivers to adjust their speed sooner for safer and more efficient travel 

[102]. This concept has also garnered automaker support, where vehicles can anticipate changing 

traffic patterns resulting from changes in weather by retrieving weather data from local sources 

and passing data among vehicles using CACC systems [103]. 

 4.1.1.4 Human-to-Vehicle Interaction 

 The influence of the human driver is the subject of study in both demonstration projects and 

the literature. Research in the human-to-vehicle interface has spanned many years and evaluated 

the relationship between human/machine interaction and the efficiency of vehicle operation 

[104]. Demonstration projects, such as the “ecoDrive project” and the “eCoMove project,” have 

evaluated the results of this research [44], [105]. 

 After (1) reviewing demonstration projects for environmental signals and sensor technologies 

with a connection to fuel efficiency, and (2) investigating the research initiatives behind each 

sensor technology, the sensor technologies selected for the research reported herein are presented 

in Table 3 below. 
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Table 3: Environmental Signals and Associated Sensor Technologies 

Environmental signal 
Associated sensor 

technology 

Slowing or stalled vehicles 

CS 

VRS 

V2V 

V2I 

Stoplights and stop signs 
V2V 

V2I 

Weather conditions 

CS 

V2V 

V2I 

 

 Note that LiDAR and various human machine interface technologies are not included. As 

was briefly mentioned in 2.2.1 Autonomous Vehicle Overview, research on the integration of 

LiDAR systems into vehicles for fuel economy enhancement is not yet represented in literature 

as a stand-alone technology. Research activities, such as the GCDC and others, have evaluated 

vehicles with multiple sensors, including LiDAR, at once, but as of this writing, little research 

evidence is available to allow an adequate comparison of fuel savings potential relative to the 

sensors presented in this review [106]. Additionally, the focus for LiDAR has been primarily on 

the identification of obstacles, similar to a VRS, though with the visual obstruction weaknesses 

typical of a VCS. For example, LiDAR systems provide information on what type of object is 

nearby from a 360-degree view (similar to a system of cameras), but cannot interpret the 

characters on traffic signs or the status of traffic signals [107]–[109]. As with a VCS, LiDAR 

systems are vision-based in that they work on the exchange of light and would therefore not be 

able to perform in heavy rain, in fog, or in dusty conditions [23], [110], [111]. While LiDAR 

systems help provide a comprehensive source of information for applications such as 

autonomous vehicles, they do not provide information in support of the present research which 
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(1) concerns detection of the outside-of-vehicle environment for eliciting fuel economy 

improvements and (2) employs novel sensor integration strategies. 

 4.1.2 Automotive Sensor Fuel Economy Potential 

 This section identifies the fuel economy potential of sensors and potential sensor 

combinations introduced in the previous review and in 2.2.1 Autonomous Vehicle Overview. 

Specific conceptual situations which have been evaluated for their fuel savings potential are 

described for each sensor and compared. 

 4.1.2.1 Vehicle to Vehicle Communication Fuel Economy Enhancement Potential 

 V2V sensor technology enables a vehicle to have an awareness of the status (speed, position, 

acceleration/deceleration, etc.) of surrounding vehicles while also broadcasting the same 

information to surrounding vehicles [112]. The fuel economy benefits of installing these systems 

on standard powertrain vehicles are between 5 and 20%, depending on driving behavior, as 

evidenced by simulations estimating efficiency improvements from speed and distance data, as 

well as with on-vehicle testing with human drivers [113], [114].  

 V2V technology has promise to enhance vehicle fuel efficiency in ways similar to the 

promise of enhancing occupant safety. While the technology has the ability to alert for objects to 

avoid, it can also signal regenerative braking for traffic jams, stationary vehicles, or other 

potential hazards ahead [37], [115], [116]. In this regard, V2V technology has the potential to 

enhance Adaptive Cruise Control (ACC) systems and ultimately provide advanced “awareness” 

of situations where fuel can be saved and potentially where regenerative braking can be applied 

automatically for vehicles equipped with regenerative braking (e.g., FCEVS, BEVs, and Hybrid 

ICVs). Increasingly, ACC systems, which are currently radar-based, can obtain additional 

perspective of the vehicle’s surrounding environment, thus adding to the overall context of the 
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driving environment. For example, sudden high traffic scenarios can be perceived sooner to 

minimize wasted fuel and to maximize the opportunity for regenerative braking. The concept of 

adding V2V technology to an ACC system (i.e.,, CACC) can improve fuel economy by 

preventing the traffic speed oscillations of stop-and-go traffic from occurring in the first place 

and by conserving fuel and storing energy when the vehicle encounters such situations [117].  

 Below are presented two novel ways of applying V2V technology which may not be directly 

associated with V2V but have merit of enhancing fuel economy while also illustrating V2V 

technological flexibility. 

 Concept 1: V2V Garnering Weather Information to Enhance Vehicle Perception  

 This concept builds on the idea of enhancing vehicular perception to include information on 

changes to weather on a route specifically using V2V sensor technology. This has been 

investigated in terms of safety, but also in the context of fuel savings where weather can have an 

impact on the optimal cruising speed and route for the vehicle. The weather information is 

sourced by vehicles informing other vehicles about weather conditions using onboard sensors 

[101], [102]. Note that automaker investment is being directed to developing weather-assisted 

vehicle communication systems in this context [103], [118]. 

 Concept 2: Using V2V Data to Predict Vehicle Trajectories and More Efficient Routes  

 This concept involves processing raw V2V data to create direct, timely suggestions for the 

driver. One example is the provision of a fuel-efficient velocity profile for the driver to consider 

in driving situations such as stop-and-go traffic. Such information can account for up to 8% fuel 

economy enhancement for standard powertrain vehicles, as measured by optimal fuel usage 

simulations [119], [120]. The same concept could work in combination with an ACC system, 
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where the throttle and braking movements are automatically controlled by the vehicle itself. 

While the ACC system would normally be subject to string instability, resulting in the 

uncoordinated velocity fluctuations of stop-and-go traffic, a greater environmental awareness for 

vehicular running control would reduce this effect [121]. Data from connected vehicles could 

also be used to suggest the most efficient route for the driver. While this concept has been 

investigated based on an aggregated pool of data from a centralized online source [122], the use 

of real-time V2V data directly from vehicles has not yet been addressed. As with the previous 

concept review, the concept of efficient routing and efficient vehicle trajectories is a focus of 

various automaker companies [123]. 

 In summary, V2V technology has the potential to increase fuel efficiency in addition to 

passenger safety. The conventional applications of V2V technology alert the driver to upcoming 

traffic conditions or hazards, which in the fuel efficiency context enables the driver to 

proactively ease the throttle or engage regenerative braking. Depending on driver behavior, the 

fuel efficiency of the vehicle can be enhanced between 5% and 20% as evaluated on standard 

powertrain vehicles [113], [114]. V2V technology can also be integrated with an ACC system 

which could execute these functions automatically. Additionally, concepts have been 

investigated by automakers looking to apply V2V technology in other ways such as garnering 

and using weather information and projecting efficient vehicle trajectories to inform drivers and 

vehicles. These are concepts that also have merit in the fuel efficiency context, with conclusions 

of Concept 2 being an 8% fuel efficiency increase for standard powertrain vehicles [120]. V2V 

technology is relatively proven in the context of fuel economy enhancement compared to 

technologies such as VCS and VRS. Demonstration projects that test and evaluate V2V 

technology have shown the technology to be effective and economically feasible to install. 
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Domestically, NHTSA is supportive for mandatory V2V systems in vehicles. However, should a 

mandate be promulgated, a population of V2V-enabled vehicles must be deployed to have a 

meaningful impact on fuel efficiency. As an additional practical consideration, the costs 

associated with V2V technology are relatively low, estimated below $300 US per unit [112]. 

 4.1.2.2 Vehicle to Infrastructure Communication Fuel Economy Enhancement Potential 

 The core technologies behind the data transfer are largely the same for V2V and vehicle-to-

infrastructure (V2I) systems. However, with V2I systems, the data are transferred between 

vehicles and infrastructure sources such as traffic signals. This review covers how V2I 

technology enables a vehicle to utilize the surrounding infrastructure for a potential fuel 

economy benefit. The similarities and differences between V2V and V2I vary by application 

with each offering a particular benefit to fuel economy. For example, typical applications of V2V 

provide left-turn assistance (from knowing vehicle position), pre-collision warning (from 

knowing vehicle position and movement information), lane change warning (from knowing 

vehicle position), and emergency electronic brake light (which is an electronic emergency 

message that a stalled vehicle can send which cannot be obscured with fog or other visual 

limitations) [112]. On the other hand, some applications of V2I may include traffic signal 

warnings where, in the efficiency context, the vehicle can (1) activate regenerative braking 

systems when approaching a red stoplight, (2) communicate with the signal and change it prior to 

reducing speed, or (3) activate regenerative braking in a dangerous or reduced-speed curve ahead 

warning [112]. 
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 The following are applications of V2I which may not be immediately associated with V2I 

itself. These concepts have the merit of enhancing fuel economy while also demonstrating the 

technological flexibility of these sensors. 

 Concept 1: Vehicle-Traffic Signal Cooperation  

 A vehicle that stops at a red light and accelerates again produces up to four times the CO2 

emissions of a vehicle driving at constant speed [124]. Preventing such situations would have 

significant impacts on vehicular fuel efficiency in addition to the emissions benefits. One way in 

which V2I can prevent this specific transportation inefficiency is by enabling traffic signals to 

broadcast their status to oncoming vehicles. If a vehicle is equipped with the necessary V2I and 

an ACC system, the vehicle will have an advanced perception of the signal status and apply the 

appropriate velocity curve [43]. The aforementioned research simulation, using an optimization-

based control algorithm, explored the fuel savings potential in three example case studies and 

found that about 40% fuel savings can be accomplished by eliminating stop-and-go behavior at 

traffic lights when vehicles know in advance the signal status and duration of the signal status. 

Another V2I application was designed to relay information to intersection-bound autonomous 

vehicle traffic for eliciting greater traffic efficiency [125]. Impacts were measured using the 

VISSIM microscopic simulation package together with the EPA MOVES model for energy and 

emissions measurements. Results indicated that overall energy consumption could be reduced by 

12-15% depending on traffic conditions and simulation parameters. 

  

 



54 

 

 Demonstration projects such as CVIS have shown that this concept is supported with 

available technology and industry moving toward incorporating V2I in future vehicular fleets 

[126]. Current European research efforts continue the push for use of V2I in the ITS-Europe 

ecoDrive project, where fuel savings of up to 25% have been measured in computer simulations 

of representative traffic through an intersection. 

 Concept 2: Driver Awareness of Traffic Signal Status/Green Light Optimal Speed Advisory 

 A less complex application of V2I relies on the driver to prevent red light losses in fuel 

efficiency, resulting in approximately 10% fuel savings as tested on standard powertrain vehicles 

[127]. For example, approaching an intersection about 20 seconds of travel away, the driver 

receives two dashboard messages: the signal is red and the recommended speed with which to 

approach the intersection. Such systems could also display information on how long the traffic 

light will remain in a particular phase [127], [128]. This technology is also being investigated 

with automaker support in the context of safety as the part of a “Cooperative Intersection 

Collision Avoidance System (CICAS)” where, rather than displaying a message regarding an 

oncoming intersection and recommended velocity profile, the system provides an emergency 

alert to a driver approaching a dangerous intersection that may constitute a collision course with 

another vehicle [129]. 

 In summary, V2I has much of the same merit to increase fuel efficiency as V2V through 

informing the driver of traffic conditions, traffic signal status, and optimal velocity profiles. In 

the literature, the increase in efficiency was found, from simulations, to range from 10% [127] to 

40% [43] for standard powertrain vehicles. Like V2V technology, V2I technology can be 

integrated with an ACC system and perform more efficient driving behaviors automatically. 
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In terms of technological maturity, V2I is proven to enhance fuel economy. V2I is practical and 

effective with fuel efficiency increases on standard powertrain vehicles ranging from 15%, in the 

IntelliDrive project, to 25%, with the ecoDrive project. In terms of cost, similar relatively low in-

vehicle costs for the “vehicle” component of V2I would be likely shared with V2V. However, 

equipment and installation costs associated with the “infrastructure” for V2I are expected to be 

relatively expensive, with estimates currently in the range of $15,000-$20,000 US per 

infrastructure communication point [130]. 

 4.1.2.3 Vehicular Camera System Fuel Economy Enhancement Potential 

 VCSs can be installed into vehicles for the purpose of increasing fuel efficiency relatively 

easier, at lower cost, and operating with less technological complexity than V2V, V2I, and VRS 

[23], [131]. The following review addresses whether and the extent to which VCS can enable a 

vehicle to experience a fuel economy benefit. The manners by which VCS can integrate with 

other vehicular systems to provide a potential fuel economy enhancement are described as 

follows. 

 Concept 1: Automatic Regenerative Braking from Combined VCS and ACC Systems  

 VCSs such as those from Mobileye are installed to alert the driver to objects of interest on 

the road with the goal of maximizing safety [132]. The objects typically include approaching 

vehicles which are too close to the front of the vehicle (the alert would help prevent forward 

collisions and discourage risky behavior such as tailgating), LDW, and speed limit alerts. The 

VCSs ability to recognize traffic signs is one of the biggest advantages of the visual information-

based system over other advanced driver assistance technologies, aside from relatively low cost 

and ease of installation. Additionally, unlike most approaches to V2V and V2I systems, VCSs 

are in deployment today for safety partial automation applications. In the context of fuel 
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efficiency, a conventional VCS will alert the driver to reduce throttle position or to notify the 

driver to apply regenerative braking, depending on the situation. In the safety context, VCSs 

have already been shown to provide roughly a 3% increase in fuel efficiency for light-duty 

vehicles in the euroFOT project from testing standard powertrains [133]. However, in the fuel 

economy context, a more optimal system could be created which reduces speed and applies 

“Automotive Regenerative Braking (ARB)” automatically based on the information processed by 

the VCS. This more optimal system would consist of VCS to detect and process speed limit 

information working with ACC or a standard “Cruise Control (CC)” system to execute the 

change in speed automatically depending on the detected vehicles or traffic sign information. 

 The concept of an integrated VCS/ACC/ARB has not been reported. To indicate an industry 

movement on this concept, Tesla Motors Inc. has combined these technologies, but has yet to 

integrate traffic sign recognition with the ACC systems. 

 To summarize, VCSs are relatively inexpensive, are easy to install, and can interpret visually 

available information that would normally be detected by the human eye. Image recognition 

software is continuously improving, and, despite the state of the art being traffic sign 

recognition, one can imagine additional opportunities to use this technology as more visually 

available information can be interpreted and computing power becomes less expensive. While 

fewer direct demonstrations of fuel efficiency are available, VCS has proved useful in 

commercial vehicles for safety, and numerous accepted standards are in effect which indicate 

government acceptance for VCS deployment. Opportunities exist for VCSs to directly enhance 

fuel economy. For example, by adding a VCS to alert the driver of unsafe behavior, fuel 

efficiency has been shown in the euroFOT project to increase by 3% for standard powertrain 

vehicles. VCSs with the capability to detect traffic signs would likely have a greater fuel 
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economy impact when integrated with an ACC. The costs associated with VCSs are relatively 

inexpensive when compared to other technologies, with optional vehicle safety packages with 

VCS and VRS together costing in the range of $1000-$2,000 US [109]. 

 4.1.2.4 Vehicular Radar System Fuel Economy Enhancement Potential 

 The following section highlights VRS which, like VCS, are a mature technology in the safety 

context but garners information with value for enhancing fuel economy. This section also 

addresses combining VRSs and VCSs for system robustness and capacity to improve fuel 

efficiency. At the time of this writing, the search for conceptual applications yielded few novel 

VRS sensor integration strategies. While VRS have the potential to combine with other 

technologies (namely, VCS) to improve the overall robustness of environmental perception, 

applications of the technology to V2V and V2I are just emerging. 

 Concept 1: VRS Sensor Fusion Concept  

 In the context of fuel efficiency, VRSs act as a robust Forward Collision Warning (FCW) 

sensor where the leading benefit of a VRS is a relatively deep perception of oncoming hazards 

and changing traffic conditions. The driver of the vehicle can then make better informed 

decisions of such hazards and changes, resulting in safer and more efficient driving behavior, and 

an ACC system can act on this information automatically. Altogether, by “smoothing” vehicle 

velocity with VRS, up to 14% fuel economy savings have been measured in standard powertrain 

vehicles [61]. In optimal conditions, a VCS will suffice for this purpose while offering the 

capability to interpret visually available information, such as traffic signs. However, the merit of 

integrating a VRS in an advanced vehicle is that VRSs operate over a wider range of weather and 

road conditions and produce similar basic-object detection capabilities [134]–[137]. Yet, as the 
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cited research indicates, substantial merit for radar systems to contribute toward the overall 

vehicular fuel efficiency is evident. 

 Overall, VRSs have been primarily applied to enhance safety, being that VRSs are capable of 

robustly detecting objects that may pose a threat to passenger safety. However, in the context of 

enhancing fuel efficiency, the information VRSs provide the driver or running control systems is 

similar to that of a VCS but without the capability to differentiate between objects or interpret 

traffic signs. In the context of integration strategies, VRS offer significant benefits in terms of 

robustness and are not subject to weather conditions and debris. In addition to providing 

information regarding nearby objects, VRS provide a baseline efficiency improvement that can 

be as high as 14% as measured for standard powertrain vehicles [61]. 

 4.1.2.5 Summary of Sensor Fuel Economy Enhancement Potential 

 Connected Vehicle Systems (e.g., V2V and V2I) are evident in many successful 

demonstration projects and this technology is relatively mature compared to VCS and VRS 

technologies. There is also support from domestic policy, which indicates an eventual mandate 

of this technology in the US. V2V systems can improve fuel economy of standard powertrain 

vehicles by as much as 20%. However, these systems rely on other vehicles to be equipped with 

the same technology for there to be an improvement to fuel efficiency. Because of the high 

potential to improve fuel economy, V2V technology is selected as a focus of greater study for the 

future sections of this research. V2I systems are technologically similar to V2V and share much 

of the maturity of V2V systems. This technology has the potential to improve fuel consumption 

by as much as 25% for standard powertrain vehicles, thus demonstrating a high potential to 

improve fuel economy, and is therefore studied in greater depth in this research. 
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 Vehicular Camera Systems are very mature in the context of enhancing passenger safety and 

can be found in contemporary vehicles. Advances in image processing allow this technology to 

interpret street signs, which could either be used to alert the driver of changing speed limits or 

otherwise automatically reduce speed or apply regenerative braking when integrated with the 

running control of the vehicle in an adaptive cruise control system. A drawback of VCS is that 

the camera system relies on visually available information which can be obscured by weather 

conditions or dust/dirt near the lens. VCSs are a quite promising technology for enhancing 

efficiency in the very near-term, but they are not considered when designing the connected 

mobility model for this work. 

 Vehicular Radar Systems have been installed on most vehicles which have frontal collision 

avoidance systems and adaptive cruise control systems. VRSs are not as sophisticated as camera 

systems in terms of technological capability, though they are relatively robust, and have potential 

for providing efficiency improving information. A potentially strong VRS application would be 

to support VCSs. Ultimately, despite the described merit, these VRSs are not considered to be as 

promising as the 20-25% V2X benefits when designing the connected mobility model. 

4.2 Designing FETCH, the SAEV Vehicle-Centric Energy Impacts Model  

 The study of environmental signals and sensor technologies concluded that V2V and V2I 

could offer the greatest fuel economy benefits, by making such controls as eco-driving and 

platooning possible, according to the research listed in 2.3.1 Vehicle-Centric Energy Impacts. As 

mentioned in Section 2.3.1, vehicle-centric energy impacts relate not just to the vehicle driving 

behavior (e.g., eco-driving), but also to the vehicle design itself (e.g., weight, aerodynamic drag, 

powertrain choice, and general re-sizing effects).  
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 This section provides evidence to select the most appropriate simulation tools to measure 

both aspects of vehicle-centric energy impacts to better understand the possible vehicle-centric 

energy impacts with SAEV technology. Each type of tool is covered separately (vehicle design, 

traffic, network, emissions), and the reason for the tool selection is described. Pros and cons 

tables are used to clearly communicate the advantages and disadvantages of each simulation tool 

option. 

 4.2.1 Vehicle Design Tool Selection 

 Vehicle design parameters such as powertrain choice, weight, and aerodynamic drag all have 

an impact on the energy efficiency on a vehicle. SAEVs are not yet in production with only brief 

glimpses into what their design and energy efficiency may portend. Fortunately, simulation tools 

are available for researchers to measure how energy efficient these futuristic vehicles might be. 

Such tools are explored and evaluated for their ability to accomplish the research objective. 

Some important factors to consider are: widespread use (for easy comparison of results to similar 

studies), ability to perform comparison of different driving profiles (to compare standard and 

eco-driving behavior), lack of a mandatory license (to aide in the sharing of the tool and 

capability), and general approachability (an accessible user experience will allow more 

researchers to perform comparison studies). Simulation tools frequently share the same 

parameters, and unless noted otherwise, each tool in the table below has: the ability to select 

powertrain (ICV, HEV, BEV, and FCEV options), a free license, and the ability to choose a 

driving profile for comparison of eco-driving behavior:   
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Table 4: Vehicle Design Simulation Tools, Pros and Cons 

Tool Name Pros Cons 

FASTSim 

Relatively high number of recent academic 

publications [138]. Relatively approachable 

Excel and Python interfaces, training not 

necessary for operation.  

Fewer parameters to adjust compared 

to commercial options 

Autonomie 

Relatively detailed (large number of inputs 

to model and parameters to adjust for 

accuracy) [139], relatively wide industry 

usage [140] 

License required unless for “DOE-

funded activities and other specific 

purposes” [140]. Less approachable. 

MOVES 

Similar research projects have used 

MOVES to accomplish goals [141], 

relatively high computational power [142] 

Low number of parameters to select, 

relatively incapable of designing 

custom vehicles as model uses 

estimates of existing vehicles. 

Limited powertrain options 

 

 The software capability (e.g., powertrain selection and custom parameters) of Autonomie and 

the Future Automotive Systems Technology Simulator (FASTSim) were found relatively strong 

compared to MOVES. Both FASTSim and Autonomie are employed by numerous organizations. 

However, the open operating license and general approachability of FASTSim are the reasons for 

its selection as the vehicle-design component of the FETCH model.  

 4.2.2 Traffic Simulation Tool Selection 

 Like many simulation tools, the various traffic simulation tools were found to share many 

similar criteria. In order to clearly see the outstanding pros and cons to these tools, only the 

unique criteria are listed in the table. The common characteristics are listed outside of these 

tables to prevent redundancy. Unless otherwise noted, these tools all share the following 

features: free or open source, allows for integrating other tools without altering source code, 

validated in numerous research initiatives. More details are described in the table below. 

. 
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Table 5: Traffic Simulation Tools, Pros and Cons 

Tool Name Pros Cons 

SUMO 

Frequently used for V2I simulation [143] Chosen for 

relevant previous uses / larger user base / more 

available support for independent researchers [144] 

 

AIMSUN 
Model shown to calibrate well with real traffic data 

[145] 
License required 

PARAMICS 3D visualization Tools [146] License required 

DIVERT Can be integrated with NS-3, EMIT, at code level [147]  

VISSIM 

Highly realistic bicycle, motorcycle, and pedestrian 

modelling, car following gap model used is relatively 

flexible (allows for more accurate representation of 

V2X effect on traffic), More  suitable than PARAMICS 

and AIMSUN for small networks with complex 

geometry, traffic, and control strategies [148] 

Less suitable than 

PARAMICS or AIMSUN 

for modelling large 

networks with many route 

choices. Expensive 

License. 

 Using a traffic simulation model with a great amount of user support and documentation 

would be necessary to accomplish the research goals of this project. Additionally, the model 

would ideally have been proven to be useful for many various scalable V2X studies, but it is not 

necessary to scale the simulation across a large city or state-wide. Finally, the lack of license    

would mean that this project could be more easily replicated and potentially shared by 

researchers. These reasons are why SUMO was chosen to be the traffic model to support the 

completion of the research objective. 

 4.2.3 Network Simulation Tool Selection 

 Using a selection process similar to the vehicle design and traffic simulation tools, the 

network simulation tools are organized next to the pros and cons for each tool, with the common 

features described separately. Unless otherwise noted, these tools all share the following 

features: free or open source, and capability of simulating contemporary V2X networks 

according to DRSC/WAVE standards. Please refer to Table 6: 

 

Table 6: Network Simulation Tools, Pros and Cons 
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Tool Name      Pros Cons 

OMNET++ Realistically supports current V2X standards (IEEE 

802.11p and IEEE 1609.4 (DSRC/WAVE), accounts for 

noise, building interference etc. [15] 

 

NS-2 
 

Does not have IEEE 

802.11p standard [15] 

NS-3 Has 802.11p standard [14]  

 User support, documentation, and a proven track record of various scalable V2X studies are 

essential to the selection of the network simulator, similar to the selection of the traffic model. 

The fact that OMNET++ supports these points, and supports an array of wireless networking 

standards, means that OMNET++ is the best model suitable for the research at hand. 

 4.2.4 Combined Traffic and Network Simulation Tool Selection 

 Another category of research tools are those for combined traffic and network simulation. 

Being that a traffic and a network simulator are both necessary components to satisfy the 

hypothesis, some tools offer a complete package that can be used to simulate V2X 

communication without requiring assembly. The integrated traffic and network simulation tools 

are organized next to the pros and cons for each tool, with the common features described 

separately. Unless otherwise noted, these tools all share the following features: fully integrated 

simulation platforms, full “communication” between simulation tools, options of traffic 

simulator and network simulator already determined. More details are described below in Table 

7: 
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Table 7: Combined Traffic and Network Simulation Tools, Pros and Cons 

Tool Name Pros Cons 

VEINS 

(SUMO+ 

OMNET++) 

Benefits of SUMO and OMNET++, large user base 

[146], Allows for some flexibility with future 

potential V2X technologies, such as 4G-LTE [149] 

4G-LTE Capability 

requires Linux-based 

simulation framework  

VSimRTI 

(VISSIM-

SUMO, 

OMNET++/NS-

3, PHEM) 

Entirely integrated traffic, network, and emissions 

models. Professional support, integrated with more 

simulator options than most other choices, has 

greater simulation flexibility [150] 

Does not allow for future 

technologies as well, costs 

~$8600 though other 

pricing options are 

available. 

 The fact that VEINS combines the benefits of SUMO and OMNET++ and supports users 

with documentation and removes a traffic and network simulator integration step, VEINS was 

chosen as the best model to support this research. Note that this decision does not supersede the 

previous conclusions for choosing SUMO and OMNET++ but solidifies the decision with the 

additional benefits of an integrated simulator. 

 4.2.5 Summary of Vehicle-Centric Energy Impacts Simulation Framework 

 The simulation tool FETCH is designed to allow researchers to measure the vehicle-centric 

energy impacts of SAEV technology. Researchers can create a new vehicle design and alter the 

way the vehicle drives via V2V or V2I communication. Figure 15 below illustrates the inputs, 

outputs, and relative operation of this FETCH tool. 
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Figure 15: FETCH Tool Schematic 

4.3 Using FETCH to Measure Vehicle-Centric SAEV Energy Impacts 

This section describes the implementation of the FETCH tool to measure the energy 

efficiency of prototype SAEVs. 

  4.3.1 Prototype SAEV Designs 

 Prototype SAEVs are designed to reflect various capacities (i.e., 1, 4, or 8 seat vehicles), EV 

powertrains (i.e., BEV and FCEV), and two directions of autonomous vehicle technology 

installations (i.e., discrete low-profile installations as seen with modern Tesla vehicles, and the 

more prominent high-profile installations seen with Waymo vehicles). This work reflects present 

technological performance of these many technologies, and this research framework is amenable 

towards future refinements should researchers choose to re-visit SAEV energy impacts as 

technologies progress.  

 Several categories of vehicle are considered: Micro-SAEV (for 1 occupant), Medium-SAEV 

(for up to 4 occupants), and Large-SAEV (for up to 8 occupants). Each size-category of SAEV is 
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converted to an EV powertrain if necessary, as scaled from modern production vehicles. An 

overview of the two sensor installation concepts, which will be installed on the prototype SAEVs 

in their respective sections, is shared first below. 

 4.3.1.1 SAEV Sensor Installations 

 While automotive sensor technology offers the potential for energy savings, the technologies 

themselves require energy to operate or affect the energy consumption of the SAEV in other 

ways. For this work, parameters such as vehicle weight, drag, and auxiliary power are altered to 

more accurately reflect the installation of various SAEV technologies on each SAEV prototype. 

The sensor installations can either be small or large-installations, as these are two general 

approaches to installing SAEV technology on contemporary autonomous vehicles. 

 Low-Profile SAEV Sensor Concept 

 The low-profile sensor installation concept is based on the present-day approach towards 

autonomous technology taken by Tesla brand automobiles as illustrated in Figure 16 below.  

 

Figure 16: Low-Profile SAEV Sensor Installation Specifications 
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 Note that the CdA value of 0.0m2 represents the fact that there is no change in drag 

coefficient (i.e., Cd) nor a change in the front cross-sectional area (i.e., A) of the vehicle with the 

small sensor installation. The estimations for power are based on the reported power 

consumption of the Tesla FSD product, as described in a recent product launch [151]. The 

estimation for mass is an estimate of the mass of individual sensors plus computational 

equipment plus miscellaneous wiring. 

 High-Profile SAEV Sensor Concept 

  Another approach towards achieving self-driving capability is to install a relatively 

comprehensive suite of sensors mostly on the outside of the vehicle, as seen with contemporary 

autonomous vehicles such as those from Waymo, illustrated below in Figure 17. 

 

Figure 17: High-Profile SAEV Sensor Installation Specifications 

 The high-profile sensor concept has been explored by researchers who have estimated weight 

and power consumption parameters, which are found to be 22.4kg and 239.4W respectively 

[106]. The CdA value for this concept was calculated assuming that the additional VRS and 

LiDAR sensors on the sides and top of the SAEV concept are the same approximate Cd as driver 
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side mirrors (i.e., the SAEV-sensors would have a similar, non-area-dependent, “slippery-ness” 

through the air), which was found to be approximately 0.017 in previous work [152]. To account 

for the total Area of the sensor installation, a sample enclosure was designed to approximate 

what would be required to protect the sensors on the top of the vehicle. The CdA is then 

estimated by summing the total Area of sensors and protective equipment and multiplying this by 

the Cd, as illustrated in Figure 18. This sensor CdA is then added to the CdA of each base 

prototype SAEV as an estimation of the total CdA of a high-profile sensor-equipped SAEV. Note 

that it is a simplifying assumption that the CdA of the vehicle and the CdA of the sensor package 

are directly additive. Ideally, the total Cd of each high-profile sensor prototype vehicle would be 

empirically measured with the sensors installed, using either wind tunnel testing or simulation 

tools such as computational fluid dynamics (CFD) software. Further information is described in 

the Future Work section. 
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Figure 18: High-Profile Sensor Enclosure and CdA Calculation 

 4.3.1.2 Micro-SAEV Prototype Designs  

 As mentioned in the introductory sections of this work, most California commuters travel 

alone and in sedans that can carry up to 5 people. With a SAEV paradigm, a commuter wanting 

to travel alone could order up a vehicle sized just right for them. Indeed, just as ride-sharing 

products allow users to order medium and large-sized vehicles which are correspondingly priced, 

the possibility for a small and cheap one-seat private SAEV might be an appealing option for the 

future commuter. To serve this role, a Micro-SAEV has been designed from the Elio P4 pre-

production ICV [153]. The design parameters of the Elio are then used as inputs for the 

FASTSim vehicle design software and real-world and simulated fuel economy measurements 

can then be compared as illustrated below.   
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Figure 19: Micro-SAEV Base Vehicle, Elio ICV, Parameters and FASTSim Results 

 This ICV provides the base vehicle from which the Micro-SAEVs will be built. Note that the 

FASTSim measured ICV efficiency comes close to approximating the real-world measured 

combined fuel economy of the Elio vehicle. The low and high-profile (LP and HP, respectively) 

sensors are then added to this ICV to give insight into how they affect the energy efficiency 

without their possible energy efficiency improvements resulting from improved driving 

behavior. For the case of the Elio ICV (i.e., just a “SAV”), the added mass, size, and direct 

power-consumption of these sensors was found to have the expected negative effect.  

 

Figure 20: Elio ICV-SAV Concept, Relative Effects of Low and High-Profile Sensors on Performance 

 Note that the Base vehicle above in Figure 20 shows the FASTSim results garnered from 

Figure 19 for a direct comparison. The Change % values of the low and high-profile sensor 

installations are relative to this Base MPG measurement. One can see that the effect of these 

sensors is a small to moderate decrease in fuel economy performance, as these sensors are not 

yet measured for their ability to improve fuel economy through their driving behavior controls. 

Knowing which sensors contribute to the significant efficiency losses is critical for efforts to 



71 

 

proactively design efficient vehicles. For the ICV-Elio illustrated above, a Large-Sensor 

configuration of this vehicle is outfitted with constituent components one-at-a-time, (i.e., just 

weight, just drag, and just power consumption) to provide this information, shown below. Note 

that the sum of these individual efficiency-reduction values will add up to the total value listed in 

the figure directly above, aside from a potential ~1% rounding error.  

 

Figure 21: ICV Micro-SAEV Sensor-Level Energy Impacts 

 The base FASTSim design software is now employed to exchange the Elio ICV powertrain 

for BEV and FCEV powertrains. Basic design parameters are estimated using existing 

powertrain technology found with contemporary, commercially available Tesla BEV and Toyota 

FCEV powertrains. These estimates provide a reasonable placeholder for the performance 

characteristics (e.g., weight, range, acceleration, etc.) of SAEVs prior to their eventual 

deployment and availability for efficiency testing. For the BEV powertrain, the 2019 Tesla 

Model S P100 powertrain was scaled to a quarter of the 102.4 kWh capacity to provide 25.6 

kWh for the Micro-SAEV prototype vehicle, as illustrated below [154]. 
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Figure 22: BEV Micro-SAEV Prototype Specifications 

  Note that the footprint of the four Tesla battery modules occupies an approximate area within 

the cabin space of the Micro-SAEV. Similarly, note that the 41kW motor of the Micro-SAEV 

produces the same power output as the ICV Elio provided. This electric motor was found to offer 

acceptable performance (i.e., acceleration from 0-60 MPH in 10.8 seconds) for the heaviest 

Micro-SAEV case tested. The motor, ECU, and other miscellaneous BEV powertrain equipment 

was assumed to be of a volume comparable-or-less-than the volume occupied by the ICV 

powertrain, as has been possible with many contemporary ICV-to-BEV retrofits and prototypes 

(e.g., 2012 Scion iQ-BEV). Please refer to Figure 23 below for the details on the performance of 

the BEV Micro-SAEV.  
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Figure 23: BEV Micro-SAEV Prototype Performance Characteristics 

 The efficiency of the prototype BEV Micro-SAEV is favorable, even with high-profile 

sensors, when compared to the most efficient commercial BEVs available as of 2019. The 2019 

Tesla Model 3 Standard Range Plus and 2019 Hyundai Ionic Electric each share a 0.25 

kWh/mile rating from the US Department of Energy [155]. While not a vehicle with a range of 

upwards of 300 miles like certain BEV options available, this Micro-SAEV prototype is likely to 

be adequate for fulfilling the role of an autonomous shuttle for commuters. To revisit a study 

mentioned earlier, BEV-SAEVs with ranges between 50 and 90 miles were found to perform 

adequately in serving New York City taxi trips, given a network of Level 2 in various scenarios 

[57]. While the BEV Micro-SAEV may not be the best suited option for all of California, it may 

have merit in the service of dense urban areas. For reference, the additional sensor components 

on this vehicle have the energy impacts listed below. 

 

Figure 24: BEV Micro-SAEV Sensor-Level Energy Impacts 

 The FCEV Micro-SAEV is based on a similarly scaled-down 2017 Toyota Mirai FCEV, as 

illustrated below. 
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Figure 25: FCEV Micro-SAEV Prototype Specifications 

 The prototype FCEV Micro-SAEV sizes the Mirai equipment enough such that it will be able 

to provide the electricity to power the same 41 kW motor as with the BEV prototype. Thus, the 

fuel cell stack is reduced significantly, as are the fuel tanks and battery. As with the BEV 

prototype, it is assumed that removing the ICV powertrain and associated components will 

provide enough space for the FCEV powertrain. The performance details of the FCEV Micro-

SAEV is shown in Figure 26 below.  

 

Figure 26: FCEV Micro-SAEV Prototype Performance Characteristics 

 Note that the range of the FCEV Micro-SAEV concept is greater than the range of the BEV 

counterpart. This is a performance characteristic typical of contemporary BEVs and FCEVs, 

where the BEV is using lithium-ion battery technology and the FCEV is using a hydrogen fuel 
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cell. As with the BEV Micro-SAEV, this FCEV SAEV also has a favorable efficiency when 

compared to commercially available vehicles. For example, the 2019 Honda Clarity and the 2019 

Toyota Mirai each achieve approximately 68 Combined MPGGE [156]. The sensor-level 

impacts for this prototype are illustrated directly below. 

 

Figure 27: FCEV Micro-SAEV Sensor-Level Energy Impacts 

 4.3.1.3 Medium-SAEV Designs 

 The Medium-SAEV prototypes are based on existing 4-seat EVs, namely the 2017 Chevrolet 

Bolt BEV and the 2017 Toyota Mirai FCEV. These vehicles were simulated in the FASTSim 

tool for baseline performance measurements, which are shown below. 

 

Figure 28: Medium-SAEV Baseline Performance Measurements 
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  These vehicles are then adjusted for the same low and high-profile sensor technology 

installations and measured for relative performance using the FASTSim tool. Illustrations of 

BEV and FCEV Medium-SAEVs are shown below in Figure 29 and Figure 30 respectively. 

 

Figure 29: BEV Medium-SAEV Sensor Specifications 

 

Figure 30: FCEV Medium-SAEV Sensor Specifications 

 

 While the same concept sensor suites are integrated, the sensors affect the Medium-SAEVs 

differently than the Micro-SAEVs. The results for the BEV Medium-SAEV are shown below in 

Figure 31. 
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Figure 31: BEV Medium-SAEV Prototype Performance Characteristics 

 As shown with other prototype vehicles, the corresponding sensor-level analysis is shown 

below. 

 

Figure 32: BEV Medium-SAEV Sensor-Level Energy Impacts 

 Adding the same sensor configurations to the FCEV Medium-SAEV yields the results shown 

in Figure 33, and for sensor-level impacts in Figure 34. 

 

 

Figure 33: FCEV Medium-SAEV Prototype Performance Characteristics 
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Figure 34: FCEV Medium-SAEV Sensor-Level Energy Impacts 

 4.3.1.4 Large-SAEV Designs 

 The final SAEV prototype to explore in this work is the Large-SAEV, which is based on the 

2017 Chrysler Pacifica PHEV minivan. Just as was done with the Elio, the Pacifica will be first 

established as a baseline in FASTSim and then converted from its regular PHEV powertrain to 

BEV and FCEV. The resulting baseline FASTSim vehicle results are shown below. 

 

Figure 35: Large-SAEV Base Vehicle, Chrysler Pacifica PHEV, Parameters and FASTSim Results 

  While the error of the combined MPG is a bit higher than the result for the Elio vehicle, the 

FASTSim result will be used as the baseline for further comparison. From that, the changes from 

adding the low and high-profile sensors to the Large-SAEV can be observed. Refer to Figure 36 

below for the corresponding energy impact results. 
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Figure 36: Pacifica PHEV-SAV Concept, Relative Effects of Low and High-Profile Sensors on Performance 

 For consistency with the previous ICV shown, the sensor-level energy impacts are shown for 

the Pacifica ICV as well below. 

 

Figure 37: ICV Pacifica Sensor-Level Energy Impacts 

 The BEV Large-SAEV prototype also borrows the Tesla Model S P100 powertrain for 

testing purposes. Rather than using just one-quarter of the battery modules, however, this 

prototype is assumed to fit the entire battery pack and associated equipment within its footprint, 

which is comparable to the Tesla Model S. Please refer to Figure 38 for an illustration. 

 

Figure 38: BEV Large-SAEV Prototype Specifications 
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 Note that the physical dimensions of the Pacifica are large enough to seat the Tesla 

powertrain batteries without stacking batteries on one another. However, if necessary, the in-

cabin storage capability of the Pacifica would be able to accommodate more cells or equipment 

if necessary. For example, the Stow ’n Go® seating and storage area of the standard Pacifica is 

used in the PHEV model to house the lithium-ion PHEV batteries. The motor and ECU would be 

positioned in the same location, the engine bay, as they are positioned in the Pacifica PHEV. The 

difference being, the size of the electric motor would be increased to compensate for then 

providing all motive force for the vehicle. The size of such electric powertrain components is 

assumed to be comparable with the size of the internal combustion engine and associated 

powertrain components being replaced, such that all BEV components can fit into the existing 

footprint of the vehicle.  

 In terms of performance, the BEV Large-SAEV is still able to achieve a relatively reasonable 

range for both the low and high-profile sensor installations, as seen below. 

 

Figure 39: BEV Large-SAEV Prototype Performance Characteristics 
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 Corresponding sensor-level impacts for the BEV Large-SAEV are shown below. 

 

Figure 40: BEV Large-SAEV Sensor-Level Energy Impacts 

 The Toyota Mirai provides the basic powertrain components for the FCEV Large-SAEV, just 

as was the case for the FCEV Micro-SAEV. The components are sized to meet the performance 

characteristics of the base Pacifica PHEV from which it is modelled after. Please refer to for 

Figure 41 for a clearer illustration of these components and their characteristics. 

 

Figure 41: FCEV Large-SAEV Prototype Specifications 

  Like the Mirai and other commercially available FCEVs, this prototype FCEV would use two 

hydrogen tanks to aide with the efficient use of space. It is assumed that the FCEV components 

and equipment would be able to fit in the vehicle such that the passenger room would still be 
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able to accommodate eight people. The performance of this vehicle is described in Figure 42 

below.  

 

Figure 42: FCEV Large-SAEV Prototype Performance Characteristics 

 As with the Micro-SAEV prototypes, the Large-SAEV prototypes reflect the general FCEV 

advantage of improved range performance. This prototype performs relatively well when 

compared to other FCEVs of its general size. For example, the 2019 Hyundai Nexo achieves a 

combined MPGGE of 57, which is nearly the same performance as both FCEV Large-SAEV 

prototypes tested [156].     

 The individual sensor impacts associated with the FCEV large-SAEV are shown below. 

 

Figure 43: FCEV Large-SAEV Sensor-Level Energy Impacts 

 4.3.2 V2V and V2I Control Implementation 

 The prototype SAEVs designed and measured for sensor integration efficiency impacts are 

now to be aided by connected vehicle (i.e., V2V and V2I) controls. These controls will enhance 

the driving dynamics of each SAEV via eco-driving in a city scenario and platooning in a 

highway scenario. FETCH is implemented in this section to measure the changes in efficiency 

using the standard drive cycles used to evaluate each new domestically sold vehicle. The 
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domestic test procedures for measuring energy efficiency (e.g., fuel economy, or MPG) is to test 

a vehicle in a city and highway scenario, and then to weight the efficiency measurement slightly 

in favor of the city measurement. To make results as comparable as possible, FETCH is 

employed to simulate prototype SAEVs in scenarios which reflect these city and highway test 

procedures, as enhanced by the addition of V2V and V2I. 

 4.3.2.1 Prototype SAEV Testing for City Drive Cycle   

 The city drive cycle used for the following scenarios is the Urban Dynamometer Driving 

Schedule (UDDS), developed by the US EPA. This test simulates a city driving pattern, with 

numerous accelerations and decelerations, as seen an illustration of the drive cycle in Figure 44 

below [157]. 

 

Figure 44: Urban Dynamometer Driving Schedule (UDDS) Graph, (Source: US EPA) 

 The City component of FASTSim results uses this drive cycle to measure the corresponding 

efficiency. But what if the vehicle tested in this procedure was a connected vehicle? Rather than 

accelerating and decelerating at so many instances, it would be possible for that connected 

SAEV to receive an advanced warning, or advice, from nearby vehicles or infrastructure of an 

upcoming hazard, red light, change in speed, or so on. Considering that the UDDS represents a 
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city scenario, it is assumed for the following scenarios that the stops and starts are the result of 

stoplights. A V2I-enhanced city scenario, which was previously found to elicit amongst the 

highest potential for fuel economy improvement, was implemented as following in Figure 45. 

 

Figure 45: UDDS V2I Schematic 

 The figure above shows that just prior to a slowdown, a V2I-enabled traffic light will warn 

the upcoming SAEV to slow down ahead of time, thus preventing unnecessary acceleration and 

deceleration. Several V2I parameters were explored for their efficacy in improving energy 

efficiency including beacon range, V2I control (i.e., deceleration profile), and communication 

protocol (i.e., 802.11p-based Direct Short-Range Communications (DSRC) vs 4G-LTE). 

 The goal of using V2I controls in this scenario is to reduce the wasteful stop-and-go behavior 

of the standard UDDS driving profile. When the V2I-enabled (i.e., connected) SAEV prototype 

is in range of the V2I-enabled traffic light, the light will send a message to that vehicle with a 

deceleration command. After the SAEV completes this V2I-enhanced the UDDS cycle, the new 

resulting driving profile is considered representative of the more efficient driving behavior of the 

connected vehicle, for the messaging range used. This DSRC-based V2I scenario was chosen in 

favor over the tested 4G-LTE scenario due to latency concerns recently explored by researchers 

in partnership with the California Department of Transportation [158], though future research 
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efforts could explore the efficacy of similar networks with potentially lower latency (e.g., 5G 

networks). The connected vehicle drive cycles are shown below in Figure 46 through Figure 48, 

each with a green V2I-enabled drive cycle superimposed onto a graph of the standard UDDS 

drive cycle. 
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Figure 46: V2I Deceleration Control, 250m Range 

 

Figure 47: V2I Deceleration Control, 350m Range 

 

Figure 48: V2I Deceleration Control, 450m Range 

 Note that when a connected vehicle receives the command to decelerate in advance, it is able 

to prevent the degree of acceleration that would otherwise be normal for the UDDS drive cycle. 

While the V2I range progressively improves this performance, the returns for energy savings are 
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diminishing as the results for 350m and 450m appear to be similar. The V2I controls shared in 

this work were found to elicit the greatest energy efficiency improvement when compared with 

other deceleration profiles using FETCH. These range-varying V2I-enabled drive cycles will 

serve as inputs into FASTSim to measure the energy impacts for city driving scenarios. 

 4.3.2.2 Prototype SAEV Testing for Highway Drive Cycle   

 Highway driving scenarios will largely benefit from the aerodynamic drag reductions of 

V2V-enabled platooning, as the driving profile is already relatively smooth, and the relative 

importance of drag reduction is high at higher speeds. Just as the city-driving scenario used the 

standard representative UDDS drive cycle, the highway scenario will use the standard 

representative highway drive-cycle for calculating MPG, which is referred to as the Highway 

Fuel Economy Driving Schedule (HWFET) and is shown below [157]. 

 

Figure 49: Highway Fuel Economy Driving Schedule (HWFET) Graph, Source: US EPA 

 While eco-driving would be less suitable to smooth out excessive accelerations and 

decelerations for such highway scenario, connected vehicle technology can still allow for 

significant efficiency improvements via platooning-enabled aerodynamic drag reduction. For 

example, Romberg et al. used a wind tunnel and scale models of 1970’s-era race cars, which 
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resemble boxy sedans, to measure the drag reduced for two vehicles involved in various drafting 

(i.e., platooning for racing purposes) configurations [159]. When the trailing vehicle was one 

car-length behind the leading vehicle, the researchers measured a 30% reduction in drag force, 

and a combined reduction of 27% in drag force for a following length of one-half of a car-length. 

Zabat et al. also used a used a wind tunnel and scale models, measuring a maximum mean drag 

coefficient reduction of 38%, for a platoon of 4 minivans following at a half of a car-length 

[160]. For the same following length, the researchers also measured mean drag coefficient 

reductions of 25% and 32% for two-vehicle and three-vehicle platoons, respectively. These 

results were again confirmed by later testing from the same group [161]. Schito et al. again 

investigated the effect of platooning on drag coefficient for various vehicle types in various 

platooning configurations, while also using Computational Fluid Design (CFD) techniques to 

confirm results [162]. Homogeneous and mixed fleets of compact cars, sedans, vans, and trucks 

were all investigated for their potential to benefit from platooning and mean drag coefficient 

reductions measured from 20% to 60%. Such platooning studies have spanned decades and 

continue to investigate potential innovations. For example, a recent study by Le Good et al. 

tested the drag coefficient reduction possible through the so-called morphing of exterior body 

panels, such that when platooning, vehicles would be able to adjust their geometry to enable the 

greatest fleet benefit possible [163].  

 The selection of academic studies discussed above share how the implications of platooning 

largely depend on the number of vehicles in the platoon, the vehicle geometry, and following 

distance, and speed. Just as FETCH is used to evaluate several V2I-enhanced city-driving 

scenarios, several platooning-enhanced highway-driving scenarios will be evaluated as well. 

Whereas the range of V2I communications was spanned to evaluate city-driving efficiency 
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improvements, the span of potential drag coefficient reduction will be varied to encompass the 

potential efficiency improvements for prototype SAEVs traveling on the highway. For the 

purposes of this work, the drag coefficient reductions are 10%, 20%, and 40%. While the 

maximum drag coefficient reductions can be greater individual following vehicles, the maximum 

value of 40% for this span was chosen to help represent a feasible upper limit for a hypothetical 

fleet average.  

 4.3.3 Prototype SAEV Testing Results  

 Prototype SAEVs are now designed, their sensor configurations and their potential efficiency 

impacts are explored, and the corresponding city and highway driving scenarios are defined. 

Now, vehicle-centric energy impacts can be measured for each prototype SAEV using FETCH.  

 4.3.3.1 BEV Micro-SAEV Vehicle Centric Energy Impacts  

 The results of the BEV Micro-SAEV vehicle energy impacts are shown immediately below: 

 

Figure 50: BEV Micro-SAEV Vehicle-Centric Energy Impacts 

 Note that the energy impact of the Small Sensor configuration immediately makes up for the 

added weight, drag, and power of the sensors within the very first City and Highway scenario. 

Yet, the weight, drag, and power draw associated with the Large Sensor concept requires a 350m 
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range V2I beacon to make for eco-driving savings beyond the energy costs of those sensors. The 

same impact is seen in the highway scenario, where the base efficiency is 0.150 kWh/mi and the 

10% drag reduction does not provide enough energy savings to overcome the large sensor 

installation costs as well. Overall, the vehicle-centric energy impacts are relatively significant. 

Note, however, that the percent improvement of sensor integration decreases as the associated 

sensor-loads increase (i.e., the overall 7.9% and 18.2% of the base-case decrease to 7.1% and 

16.9% for the Large Sensor integration strategy). This is likely due to increases in power 

consumption, which unlike weight or drag, cannot be affected by the benefits of eco-driving and 

platooning. This trend is relatively insignificant, approximately a 1% difference, though it 

underscores the importance of reducing SAEV-sensor power consumption. The following figures 

show the energy impact results of the remaining prototypes considered in this work. 

 4.3.3.2 FCEV Micro-SAEV Vehicle Centric Energy Impacts  

 

Figure 51: FCEV Micro-SAEV Vehicle-Centric Energy Impacts 

 While the overall energy impact trends are similar between the BEV and FCEV-Micro 

SAEV prototypes, a noteworthy difference exists between the degree to which eco-driving and 

platooning benefit the Large Sensor configurations of these vehicles. Specifically, the FCEV-

powertrain Micro-SAEV stands to benefit more than the BEV in the city-driving scenarios. This 



91 

 

is possibly because of the significant difference in weight characteristic of the BEV-powertrain 

relative the weight of the FCEV-powertrain. Each powertrain is scaled similarly, and has similar 

efficiencies, though the BEV Micro-SAEV overall weighs about 200 kg more than the FCEV 

Micro-SAEV. This additional weight would negatively affect the city-driving scenario efficiency 

more than the highway scenario, as has been found by Argonne National Laboratory researchers 

[164].   

 4.3.3.3 BEV Medium-SAEV Vehicle Centric Energy Impacts  

 

Figure 52: BEV Medium-SAEV Vehicle-Centric Energy Impacts 

 4.3.3.4 FCEV Medium-SAEV Vehicle Centric Energy Impacts  

 

Figure 53: FCEV Medium-SAEV Vehicle-Centric Energy Impacts 
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 Note for the Medium-SAEV prototypes, that the trends appear to be reversed for which 

powertrain stands to benefit the most from city-driving scenarios. However, just as was the case 

for the Micro-SAEVs, weight is a primary factor for city-driving efficiency. In this case, the 

FCEV Medium SAEV weighs more than the BEV-SAEV. The difference in weight is relatively 

small, and there is a correspondingly smaller difference in city-driving efficiency. 

 4.3.3.5 BEV Large-SAEV Vehicle Centric Energy Impacts  

 

Figure 54: BEV Large-SAEV Vehicle-Centric Energy Impacts 

 4.3.3.6 FCEV Large-SAEV Vehicle Centric Energy Impacts  

 

Figure 55: FCEV Medium-SAEV Vehicle-Centric Energy Impacts 
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4.4 Vehicle-Centric Energy Impacts Discussion  

The preceding results measure the vehicle-centric energy impacts of six difference SAEV 

prototypes and demonstrate the usefulness of the FETCH Tool to evaluate various possible 

SAEV designs and control strategies. Such results will serve as the inputs for the remaining 

sections of this work and are summarized in the figure below. 

 

Figure 56: Vehicle-Centric Energy Impacts Summary 

 While the SAEV prototype designs and associated sensor configurations presented represent 

a reasonable approximation of future SAEVs at this time, there will certainly continue to be 

innovations in vehicle design, processing power, powertrain efficiency, and so on. Therefore, the 

contribution of this work is not the results themselves, but rather the FETCH Tool and associated 

research framework. Such tools provide researchers with the ability to compare critical aspects of 

future vehicles as they continue to evolve for years to come.  
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5. Measure Fleet-Centric Energy Impacts of SAEVs 

The study of vehicle-centric energy impacts requires a very detailed look into the technical 

characteristics of individual SAEVs, and the fleet-centric energy impact assessment requires a 

similarly detailed investigation into the broader perspective of how these SAEVs will be 

deployed throughout California. The energy that the overall SAEV deployment will consume 

depends largely on VMT (and therefore the location and size of SAEV stations) and vehicular 

energy efficiency. This section measures such fleet attributes such that the vehicle and fleet-

centric impacts can combine for an overall energy impact for the final grid and environmental 

modeling stages. Firstly, this chapter will detail 2010 and 2050 station siting scenarios based on 

a novel “Nice-SAEV” neighborhood carsharing and ridesharing program. Next, SAEV fleets will 

be defined based on vehicle range, powertrain, and the demands of participating neighborhoods 

for the projected 2050 Nice-SAEV scenario. Lastly, this section ends with a brief summary and 

conclusions to help transition into the final sections of the dissertation.  

5.1 The “Nice-SAEV” Car and Ridesharing Program 

Imagine a future scenario where the state of California would like to reduce individual’s use 

of conventional vehicles for short-distance neighborhood trips, all using state-owned and 

operated SAEVs. Such trips might include the drive to a grocery store that is really within a 

walking distance, but often driven to for comfort and convenience. Or, where despite the local 

school being nearby, a parent chooses to drive and pick up their children rather than walk. Such 

are the trips that the state of California would like to reduce, and the recent advent of the SAEV 

means that a transition from the conventionally-driven ICVs, and to the robotically-driven EVs 

can unlock previously impossible ways of improving transportation sector efficiency. 
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Californians will be able to conveniently order a ride, either private or pooled, with their 

smartphone or other connected device to safely and efficiently arrive at their destination.  

The California Department of Transportation (Caltrans) currently owns over 350 Park-and-

Ride parking lots for commuters to interface with the public transit [165]. For the Nice-SAEV 

program, state agencies will choose to work with Caltrans to re-allocate some parking spaces for 

use with Nice-SAEV program to serve as automated charging and fueling spaces. If necessary 

for areas of high demand, Caltrans agrees to invest discretionary funds into building parking 

structures on land of current Park-and-Ride locations to accommodate the valuable Nice-SAEV 

program. After a brief discussion of methods, the first planning steps involved are the selection 

of which Park-and-Ride lots will serve as Nice-SAEV Stations or, more simply, SAEV Stations. 

5.1.1 Nice-SAEV Passenger Travel Data  

To model the impacts of the Nice-SAEV program, one must measure the difference between 

how trips would be served with the program and how they would be served under conventional 

circumstances. The trip properties, such as mode choice, trip purpose, occupancy, and spatial and 

temporal distribution, must all be understood for California. The California Department of 

Transportation (Caltrans) Short Distance Personal Travel Model (SDPTM) component of the 

California Statewide Travel Demand Model (CSTDM) is used for this purpose [166],[167]. This 

dataset consists of millions of simulated trips representing every trip taken in California for one 

representative fall weekday (to capture travel related to schooling). Trip modes (e.g., walking, 

biking, SOV, HOV2, HOV3+, etc.) are included, as with trip purposes (e.g., work, home, 

shopping, school, etc.), and trip starting time as occurring in one of 5 temporal categories. Being 

the short-distance component of the overall CSTDM, the SDPTM only considers trips in 100 

miles of length or less. For spatial resolution, California is split into 5,454 transportation analysis 
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zones (TAZs), for which locations and sizes are based largely on the vehicle ownership, 

household income, and places of employment within that zone. This dataset is validated for the 

year 2010 and has projected values for 2050. The spatial distribution of TAZ’s from the CSTDM 

are the same in each case and are shown below. 

 

Figure 57: CSTDM Spatial TAZ Distribution 

 This work considers each TAZ to be a neighborhood onto itself. As mentioned, the size and 

location of a TAZ is largely dependent on several factors relating to housing and work. The 

result is that some TAZs may have many employment opportunities, but little housing or vice-

versa, and therefore not fit the expectation for what a neighborhood appears to be. For example, 

if a TAZ is located as part of a relatively industrial area, it may seem to contradict the meaning 

of neighborhood. Regardless, intra-zonal trips taken by LDV in that area would still be replaced 

by using the Nice-SAEV program if selected.  
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 The Nice-SAEV program is designed to replace conventionally-driven LDV trips taken for 

short, intra-neighborhood journeys. Therefore, the entire SDPTM is filtered such that only the 

trips with the same origin and destination, and the trips taken with the modes of SOV, HOV2, or 

HOV3+ modes are considered. Note that while the scope of the Nice-SAEV program fits 

appropriately in the context of this work as it provides a use-case for SAEV deployment 

throughout California, it begins with the goal of conventionally-driven vehicle replacement 

within neighborhoods.  Please refer to the Future Work section, within the conclusions section, 

for information as to how this research effort could be expanded. 

 The temporal distribution of trips from the Caltrans CSTDM is such that each trip occurs in 

one in five increments, as detailed in the table below. These time increments represent, in order 

as shown: morning peak, mid-day, evening peak, late off-peak, and early off-peak. 

Table 8: Temporal Distribution of Person-Trips for 350 SAEV Stations 

Hour 6am - 10am 10am - 3pm 3pm - 7pm 7pm - 3am 3am - 6am 

Person Trips 6232873 9069343 7975597 2978469 203456 

Percent 23.7% 34.5% 30.4% 11.3% 0.8% 
 

 For the Nice-SAEV program, the person-trip demand for increments are assumed to be 

evenly distributed throughout their respective hours. The resulting person-trip demand is shown 

in the figure below.  
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Figure 58: Hourly Distribution of Person-Trips Served by Nice-SAEV Program 

 Note that by evenly distributing the trips throughout the hours, there are no distinct morning 

and evening peaks, as seen in common temporal vehicle-trip distribution graphs, such as the 

image below from the 2017 National Household Travel Survey [168]. 

 

Figure 59: Temporal Vehicle Trips Distribution by Trip Purpose, 2017 NHTS 

 The commuting line represents mostly work-based trips for this dataset, which altogether 

represent approximately 31% of all trips shown. For weekend travel behavior, the 2017 estimates 
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that just 11% of trips are work based, thus reducing these commuting peaks and evening the 

overall temporal graph of trips shown. The trips served by the Nice-SAEV program are 

calculated to be just 6.4% work based, reflecting this same behavior. To note, while this national 

trend was shared by the NHTS, such peak-less non-work-based (i.e., weekend) travel behavior 

was also observed in various California cities by Chinkin et al., using loop detector data [169].  

5.2 SAEV Station Siting for California 

 The siting of each SAEV Station will be based on the number of trips occurring in each 

neighborhood (the trip-number weighted centroids of which will serve as demand points), and 

the proximity of each candidate site to these demand points, as described below. Therefore, the 

relative weight of each neighborhood is of critical importance to the siting of each SAEV 

Station. Note that the 2010 case is provided as a means of comparison, and that the 2050 case 

will ultimately be used as the basis of the energy and environmental analysis. 
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 5.1.1.1 Spatial Intra-Neighborhood Trip Distribution for 2010 

 

Figure 60: Spatial Intra-Neighborhood Trip Distribution for 2010 

 5.1.1.2 Spatial Trip Distribution for 2050 

 

Figure 61: Spatial Intra-Neighborhood Trip Distribution for 2050 
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While there is a general increase in number of intra-neighborhood SOV, HOV2, and HOV3+ 

person-trips taken between the 2010 and 2050 datasets, there is little change in temporal trip 

distribution, and minimal projected change in intra-neighborhood mode choice.  

The spatial distribution and measured of activity for person-trips throughout California for 

each neighborhood is represented as a geometrically-located centroid within each TAZ. The 

candidate sites are represented as points throughout California. For the 2050 case, the projected 

trip activity for 2050 is shown below with TAZ centroids as black diamonds, candidate sites as 

green dots. 

 

Figure 62: SAEV Station Demand Points and Candidate Sites, 2050 Scenario 
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 5.2.1 SAEV Station Siting 

 In order to ensure the success of the Nice-SAEV program, the placement of SAEV stations 

must be prioritized to maximize the efficient allocation of SAEVs for the greatest conventional 

vehicle replacement. To perform this stage, the weight of total intra-neighborhood trips for SOVs 

and HOVs is used as the weight for a Maximize-Coverage ArcGIS Station-Allocation, subject to 

a 10-minute travel time impedance (such that the SAEV does not take excessively long traveling 

between TAZ and Station). Note that the travel time impedance assumes free-flow traffic 

conditions. The top 10 locations to place SAEV stations based on these criteria are illustrated in 

the figure below for the 2010 and 2050 cases. 

 

Figure 63: Siting of First 10 SAEV Stations, 2010 Scenario 
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 Anticipating a full-rollout of Nice-SAEV program, a large-scale deployment of 350 stations 

throughout California would appear as below using the same siting criteria for 2010. 

 

Figure 64: Siting of 350 SAEV Stations, 2010 Scenario 

 Siting the first ten stations for the projected 2050 trip activity would result in the following 

sites chosen. 
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Figure 65: Siting of First 10 SAEV Stations, 2050 Scenario 

 As was conducted for the 2010 case, the final 2050 case for the large-scale deployment of 

350 stations would result in the chosen sites as illustrated below. 
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Figure 66: Siting of 350 SAEV Stations, 2050 Scenario 

 Note that the lines drawn between SAEV Stations and neighborhoods are simply for 

illustrating the allocations between Station and neighborhood. The calculations for time and 

distance constraints in ArcGIS were based on a circa-2010 dataset of California streets, which 

can be seen at the underlying grey lines below. This dataset includes accurate speed limits on 

residential roads and highways, which allows for the measurement of station-to-neighborhood 

distances, and corresponding travel times. Also note that, as indicated below, these allocation 

lines indicate that stations are chosen to serve TAZs which are often on a central location and 

near a relatively high-speed roadway. A closer view of stations sited in Southern California in 

the 2050-350 station scenario is shown below. 
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Figure 67: Close-up of SAEV Station Siting for 350 Station Scenario 

5.3 SAEV Fleet Sizing: Nice-SAEV Operational Properties and Deployment Examples 

With SAEV Stations sited, SAEV fleets can be designed and implemented in the Nice-SAEV 

program. As mentioned in the previous section, the 2050 scenario will form the basis for energy 

and environmental calculations, and as a result, only the 2050 case will be used to analyze the 

Nice-SAEV fleets. Furthermore, to allow for the measurement of the greatest energy and 

environmental impacts, the maximum 350-station scenario will be the specific 2050 scenario 

considered.  

For the 2050-350 station scenario, there were 3,287 of the total 5,454 neighborhoods selected 

to correspond to the 350 stations. A total of 3,765,391 conventionally-driven vehicle miles 

traveled are displaced by adopting the Nice-SAEV program for this scenario, accounting for 

approximately 14% of the intra-neighborhood VMT for SOV, HOV2, and HOV3+ mode 
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choices. Note, that the siting of SAEV-Stations for this analysis favors relatively small 

neighborhoods, and neighborhoods that are already in proximity to current Park-and-Ride 

facilities. This means that relatively large neighborhoods with correspondingly large VMT 

within are not considered by the Nice-SAEV scenario as outlined. For example, the average 

intra-neighborhood trip distance across all 5,454 neighborhoods is 0.84 miles, with a median 

intra-neighborhood trip distance of 0.37 miles. For the 3,287 neighborhoods served by the Nice-

SAEV program, the average intra-neighborhood trip distance is less than half at 0.40 miles, yet 

with a slightly less median intra-neighborhood trip distance of 0.33 miles. Therefore, while the 

overall percent SAEV-served VMT appears small, the relatively large rural neighborhoods 

disproportionately account for the majority of intra-neighborhood VMT. This is an important 

consideration, as these rural neighborhoods would be less likely to benefit from the sharing of 

vehicles anyway, as the reduced spatial trip-density for the service area would reduce the 

likelihood for trip sharing. Meaning, that the Nice-SAEV stations as sited would serve a more 

significant portion of the realistically attainable VMT than would be evident just looking at the 

14% figure.  

For a closer look at how the SAEV Stations operate, refer to the close-up image of an 

example station below. 
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Figure 68: Example SAEV Station with Emphasized Neighborhood, TAZ, Map Image Courtesy of Google, © 2019  

Nearly all SAEV Stations serve multiple neighborhoods. Each neighborhood is defined to 

have a distance from the station (shown above as 6.26 miles, measured via shortest-path 

roadway), an intra-neighborhood trip distance (measured in the CSTDM as 1/3 of the square root 

of the neighborhood area), and the number and time of trips. For the following deployment 

examples, the Micro and Large-SAEV prototypes are chosen to serve as examples to 

demonstrate the widest properties of the designs considered: relatively high and low-efficiency, 

range, and ridesharing capacity.  

The overall method for deploying SAEV fleets is the same for Micro and Large-SAEVs. The 

total number of person-trips per hour are assumed to all be served by the Nice-SAEV program, 

and the spatial demand for these trips is evenly distributed throughout the service area. The 

station-to-neighborhood distances are averaged across all participating neighborhoods, and the 

intra-neighborhood trip distances are averaged as well. As mentioned, intra-neighborhood 

distances are approximately 0.40 miles. The standard deviation for this value is 0.29 miles, 

yielding a coefficient of deviation (Standard Deviation / Mean) of 0.73, indicating a relatively 

low-varying dataset as it is a value less than one. The average distance between station and 
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neighborhood is 3.42 miles, with a standard deviation of 1.64 miles and a corresponding low-

varying coefficient of deviation of 0.48. Therefore, averaging these values to represent the larger 

system as a whole is a relatively reasonable exercise.   

Since SAEVs are largely covering urban areas, the average speed of the vehicles is assumed 

to by 17 miles per hour for each total hour. This value is based on a California Air Resources 

Board (CARB) report on the Emissions Factor (EMFAC) Model, which assumes various speeds 

for certain vehicles based on occupation, and compares these values with a University of 

California, Riverside study into the same matter as shown below [170].  

 

Figure 69: EMFAC2014 vs UCR Study Average Speed by Vocation-Region Group, Lines for Emphasis Added  [170] 

Each vehicle, as a result, will decrease in range by the same 17 miles, in each hour. However, 

the efficiency of the vehicle will correspond to the range the vehicle can travel before returning 

to the station recharging or refueling, ultimately playing a role in the later energy and 

environmental impact analysis.  

The logic of the SAEVs deploying is such that the SAEVs are dispatched to serve the hourly 

person-trip demand, which is assumed to be evenly-distributed throughout the hour. An initial 
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“group” of SAEVs from the overall fleet will be dispatched to meet the first person-trips of the 

day at 6:00 AM. When demand grows towards the middle of the day, or when the initial group of 

SAEVs are low on range and need to get replaced, additional SAEV groups will be deployed to 

serve the person-trip demand. If the total SAEV fleet deployed in neighborhoods is in excess of 

the number required to serve demand, the SAEVs with the lowest range will return to the station 

immediately, as to begin charging or fueling once again and to prevent needlessly crowding the 

participating neighborhoods. These operational characteristics serve as a consistent framework 

for which to base the following Nice-SAEV deployment scenarios. 

 5.3.1 Micro SAEV Fleet Deployment  

The following diagram illustrates the deployment Micro-SAEVs for use in the Nice-SAEV 

program, for the projected 2050 person-trips and using 350 stations. 

 

Figure 70: Micro-SAEV Fleet Deployment Performance Illustration 
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For the case of the BEV Micro-SAEV, there is no capacity for ridesharing. Studies have 

estimated the additional VMT associated with looking for a new passenger from a former 

passenger to be between 5-10% under optimal conditions in moderately-sized city environments 

[72], [171]. Presently, the empty VMT for TNC drivers between passengers has been averaged at 

39% across five cities, with Los Angeles drivers adding an average of 35.8% VMT in search of 

new passengers (i.e., deadheading) [172]. A later study by Henao et al. affirmed these results 

with their own study using TNC and passenger survey data, concluding that VMT would 

increase by at least 40.8% [173]. All these studies were performed on city-scale and assumed 

similar network performance (e.g., reasonable taxi-like wait times of approximately 5 minutes, 

similar speed limits, etc.). Conservatively, this work will estimate the additional VMT associated 

with searching for a new passenger at 25%. Note that this factor just accounts for the additional 

VMT for vehicles in search of a new passenger within the TAZ. The final VMT number will also 

depend on the number of SAEVs performing Station-to-TAZ trips.  

 5.3.1.1 BEV Micro-SAEV Fleet Deployment, Level 2 Charging Protocol 

 Fleets of BEV Micro-SAEVs are now able to be allocated to each hour of person-trip 

demand. The following figure shows the hourly trip demand, the number of BEV-SAEVs 

required to perform those trips, and when the vehicles would need to charge based on a Level 2 / 

10kW immediate charging protocol. Note that the number of BEV-SAEVs is one-twenty-fifth of 

the total trips to be served in the hour. This the direct result of the assumed average speed, 

loading times, and extra VMT as illustrated just previously. 
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Figure 71: BEV Micro-SAEV Fleet Distribution, Level 2 Charging 

  For each group of SAEVs returning, there is a corresponding period when the SAEVs are set 

to charge, as these scenarios apply immediate charging strategies. The charging periods appear 

shaded, with the final fraction of charge left partially shaded. Note that the SAEVs returning 

with some energy still unused take less time to charge back to full battery capacity. The useful 

capacity for the Micro-SAEVs (i.e., the capacity minus a small buffer to prevent battery 

degradation, a rather common practice as of this writing), is 23.04 kWh. The total number of 

BEV Micro-SAEVs with a Level 2-Charging protocol required to support the network in this 

configuration is 56,395, or approximately 161 vehicles per SAEV Station. Current Park-and-

Ride facilities range in capacity from under 10 spaces, to over 1,000, with an average capacity 

about 103. Therefore, this hypothetical scenario is rather reasonable. Relative to the other Nice-

SAEV scenarios considered, this scenario requires the most vehicles as it operates with zero 

ridesharing, offers the vehicles with lowest range, and offers the slowest recovery of fleet 

vehicles to become reused as the vehicles charge with the slowest charging rate.  

Hour % of demand Trips in Hour # 1S BEV-SAEVs Group 1 Range Group 2 Range Group 3 Range Group 4 Range

6 5.89% 616346 24739 24739 140

7 5.89% 616346 24739 24739 123

8 5.89% 616346 24739 24739 106

9 5.89% 616346 24739 24739 89

10 6.86% 717467 28798 24739 72 4059 140

11 6.86% 717467 28798 24739 55 4059 123

12 6.86% 717467 28798 24739 38 4059 106

13 6.86% 717467 28798 24739 21 4059 89

14 6.86% 717467 28798 24739 4 4059 72

15 7.54% 788677 31656 4059 55 27597 140

16 7.54% 788677 31656 4059 38 27597 123

17 7.54% 788677 31656 4059 21 27597 106

18 7.54% 788677 31656 4059 4 27597 89

19 1.41% 147265 5911 5911 72

20 1.41% 147265 5911 5911 55

21 1.41% 147265 5911 5911 38

22 1.41% 147265 5911 5911 21

23 1.41% 147265 5911 5911 4

24 1.41% 147265 5911 5911 140

1 1.41% 147265 5911 5911 123

2 1.41% 147265 5911 5911 106

3 0.26% 26825 1077 1077 89

4 0.26% 26825 1077 1077 72

5 0.26% 26825 1077 1077 55
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 Next is the charging behavior and corresponding electricity demand profile. This hourly 

demand in electricity is what the California energy grid would see should the Nice-SAEV 

program deploy these vehicles. When charging at 10 kW, a 23.04 kWh Battery will be fully 

charged in about 2.3 hours, not accounting for potential inefficiency or lost time plugging and 

unplugging the vehicle. The Level 2 Charging profile associated with this fleet of SAEVs is 

shown below. Note that G1, G2, etc., refers to each Group of vehicles which altogether represent 

the fleet. Each group is separately deployed from the station to meet upcoming trip demand. 

 

Figure 72: BEV Micro-SAEV Grid Demand Profile, Level 2 Charging 

 The term “Vehicle-Hours” refers to the number of vehicles charging in the SAEV Station at 

that hour, multiplied by the battery capacity left to charge of the total vehicles in the station at 

that given time. In other words, the 1077 vehicles charging at 6 A.M. from Group 4 all require 

their hour of charge, and there are 1077 vehicle-hours as a result. However, for the next hour, the 

SAEVs are nearly full and have just a fraction of the hourly charge time remaining, 

Hour G1 Charging G2 Charging G3 Charging G4 Charging  Vehicle-Hours (L2) % Demand

6 0 0 0 1077 1077 1.18%

7 0 0 0 1077 473 0.52%

8 0 0 0 0 0 0.00%

9 0 0 0 0 0 0.00%

10 0 0 0 0 0 0.00%

11 0 0 0 0 0 0.00%

12 0 0 0 0 0 0.00%

13 0 0 0 0 0 0.00%

14 0 0 0 0 0 0.00%

15 24739 0 0 0 24739 27.14%

16 24739 0 0 0 24739 27.14%

17 24739 0 0 0 7328 8.04%

18 0 0 0 0 0 0.00%

19 0 4059 21686 0 12615 13.84%

20 0 4059 0 0 4059 4.45%

21 0 4059 0 0 1202 1.32%

22 0 0 0 0 0 0.00%

23 0 0 0 0 0 0.00%

24 0 0 5911 0 5911 6.48%

1 0 0 5911 0 5911 6.48%

2 0 0 5911 0 1751 1.92%

3 0 0 0 4834 1347 1.48%

4 0 0 0 0 0 0.00%

5 0 0 0 0 0 0.00%
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approximately 44% of the hour. As a result, the electricity the grid needs to provide those 

vehicles in that hour is equivalent to 44% of the 1077 vehicle fleet, or 473 vehicle-hours’ worth 

of energy. 

 As illustrated, not all vehicles would require chargers at the same time. The number of 

chargers required to support these vehicles is the maximum charging in the preceding figure, 

24,739. This averages to approximately 71 chargers per station. Assuming the average station 

consists of about 103 spaces, the chargers for these BEV Micro-SAEVs could theoretically be 

placed in the Park-and-Ride lots themselves, while any excess vehicles could potentially be 

parked in open lots nearer to their respective neighborhoods.  

 5.3.1.2 BEV Micro-SAEV Fleet Deployment, Level 3 Charging Protocol 

  The next proposed fleet deployment for the Nice-SAEV program uses the same BEV Micro-

SAEVs, but with a Level 3, 50 kW immediate charging protocol. Please refer to the figure below 

for an illustration of the groups of vehicles required and associated charging behavior.  
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Figure 73: BEV Micro-SAEV Fleet Distribution, Level 3 Charging 

Note that the same number of vehicles is required in this Level 3 charging scenario as with 

the Level 2 scenario, due to a peak in trip demand in the middle of the day that corresponds with 

the return of the first group of vehicles. The faster charging time of approximately 30 minutes 

may have been able to prevent the additional 27,597 SAEVs to meet demand had there been a bit 

more overlap from longer range, or lessened demand. The number of total SAEVs required for 

this scenario is therefore 56,395. This result underscores the importance of exploring fleet 

management options in future efforts, as detailed more in the Future Work section of the 

Conclusions. The corresponding charging profile for this Level 3 BEV Micro-SAEV is shown 

below. 

Hour % of demand Trips in Hour # 1S BEV-SAEVs Group 1 Range Group 2 Range Group 3 Range Group 4 Range

6 5.89% 616346 24739 24739 140

7 5.89% 616346 24739 24739 123

8 5.89% 616346 24739 24739 106

9 5.89% 616346 24739 24739 89

10 6.86% 717467 28798 24739 72 4059 140

11 6.86% 717467 28798 24739 55 4059 123

12 6.86% 717467 28798 24739 38 4059 106

13 6.86% 717467 28798 24739 21 4059 89

14 6.86% 717467 28798 24739 4 4059 72

15 7.54% 788677 31656 4059 55 27597 140

16 7.54% 788677 31656 4059 38 27597 123

17 7.54% 788677 31656 4059 21 27597 106

18 7.54% 788677 31656 4059 4 27597 89

19 1.41% 147265 5911 5911 72

20 1.41% 147265 5911 5911 55

21 1.41% 147265 5911 5911 38

22 1.41% 147265 5911 5911 21

23 1.41% 147265 5911 5911 4

24 1.41% 147265 5911 5911 140

1 1.41% 147265 5911 5911 123

2 1.41% 147265 5911 5911 106

3 0.26% 26825 1077 1077 89

4 0.26% 26825 1077 1077 72

5 0.26% 26825 1077 1077 55
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Figure 74: BEV Micro-SAEV Grid Demand Profile, Level 3 Charging 

 While the number of vehicles is the same, the number of chargers required is less, due to the 

charging time being less than one hour. While 24,739 vehicles require a charge at 3:00 P.M., the 

charging time is less than 30 minutes for each vehicle. As such, assuming a minimal time for 

vehicles to navigate to and from chargers, there would be approximately 50 chargers required per 

station assuming the same immediate charging protocol. Please note that there are further 

potential research avenues to explore in this context as mentioned in the Future Work section. 

Note as well that the values in the vehicle-hours column are significantly less than the Level 2 

scenario. This does not mean that less energy going into the vehicles, but rather that the rate of 

energy entering the vehicles is much greater. Again, where the Level 2 scenario would take 2.3 

hours to fully charge a depleted vehicle, this Level 3 protocol would take just under 30 minutes.  

Hour G1 Charging G2 Charging G3 Charging G4 Charging Vehicle-Hours (L3) % Demand

6 0 0 0 1077 311 1.52%

7 0 0 0 0 0 0.00%

8 0 0 0 0 0 0.00%

9 0 0 0 0 0 0.00%

10 0 0 0 0 0 0.00%

11 0 0 0 0 0 0.00%

12 0 0 0 0 0 0.00%

13 0 0 0 0 0 0.00%

14 0 0 0 0 0 0.00%

15 24739 0 0 0 11107 54.29%

16 0 0 0 0 0 0.00%

17 0 0 0 0 0 0.00%

18 0 0 0 0 0 0.00%

19 0 4059 21686 0 5765 28.18%

20 0 0 0 0 0 0.00%

21 0 0 0 0 0 0.00%

22 0 0 0 0 0 0.00%

23 0 0 0 0 0 0.00%

24 0 0 5911 0 2654 12.97%

1 0 0 0 0 0 0.00%

2 0 0 0 0 0 0.00%

3 0 0 0 4834 621 3.03%

4 0 0 0 0 0 0.00%

5 0 0 0 0 0 0.00%
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 5.3.1.3. FCEV Micro-SAEV Fleet Behavior and Fueling Demand Profile  

 Next, FCEV-powered Micro-SAEVs are evaluated for fleet behavior and fueling. Note the 

longer range, and corresponding impact on duration of service below. 

 

Figure 75: FCEV Micro-SAEV Fleet Distribution 

 The enhanced range of the FCEV Micro-SAEVs is an important characteristic for serving the 

trip demand throughout the day. Relative to the BEV Micro-SAEVs, the FCEV powertrain can 

sustain service through the peak in demand, thus avoiding the necessity of a large group of 

SAEVs deploying in the mid-day peak. The resulting number of vehicles required to support the 

Nice-SAEV program with these prototype FCEVs is 31,656, a significant reduction from the 

BEV cases presented. This is largely a factor of the longer range to serve the demand given, but 

could, in another circumstance, be also due to the fast refueling. For example, if the range of the 

FCEV was to be 146.6 miles, as the BEV Micro-SAEVs, the fast-refueling time may have helped 

get SAEVs back on the road faster than even the approximately 30-minute delay of the Level 3, 

50 kW BEV SAEVs.  

Hour % of demand Trips in Hour # 1S FCEV-SAEVs Group 1 Range Group 2 Range Group 3 Range Group 4 Range Group 5 Range

6 5.89% 616346 24739 24739 235

7 5.89% 616346 24739 24739 218

8 5.89% 616346 24739 24739 201

9 5.89% 616346 24739 24739 184

10 6.86% 717467 28798 24739 167 4059 235

11 6.86% 717467 28798 24739 150 4059 218

12 6.86% 717467 28798 24739 133 4059 201

13 6.86% 717467 28798 24739 116 4059 184

14 6.86% 717467 28798 24739 99 4059 167

15 7.54% 788677 31656 24739 82 4059 150 2858

16 7.54% 788677 31656 24739 65 4059 133 2858

17 7.54% 788677 31656 24739 48 4059 116 2858

18 7.54% 788677 31656 24739 31 4059 99 2858

19 1.41% 147265 5911 0 14 3053 82 2858

20 1.41% 147265 5911 3053 65 2858 235

21 1.41% 147265 5911 3053 48 2858 218

22 1.41% 147265 5911 3053 31 2858 201

23 1.41% 147265 5911 3053 14 2858 184

24 1.41% 147265 5911 2858 167 3053 235

1 1.41% 147265 5911 2468 150 3053 218 390 235

2 1.41% 147265 5911 2468 133 3053 201 390 218

3 0.26% 26825 1077 0 116 687 184 390 201

4 0.26% 26825 1077 0 99 687 167 390 184

5 0.26% 26825 1077 0 82 687 150 390 167
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 For refueling behavior, note that the temporal distribution of fueling does not necessarily 

have to be coupled to the surrounding energy infrastructure. In other words, the hydrogen 

necessary to support this SAEV fleet can be generated when most economically beneficial and 

stored for final use. Please refer to the temporal fueling distribution below.  

 

Figure 76: FCEV Micro-SAEV Fuel Demand Profile 

 Note that the number of vehicle-hours calculated here assumes that it takes 4 minutes to 

refuel this vehicle. Being that it has a 2.5 kg hydrogen tank, this is currently a relatively 

conservative estimate, factoring in potential repositioning time for various vehicles. Accordingly, 

because numerous vehicles can refuel in one hour, there is a decrease in the minimum number of 

refueling spaces required. For this scenario, approximately 1716 hydrogen refueling spaces are 

required overall, and about 5 refueling positions required per station.   

Hour G1 Fueling G2 Fueling G3 Fueling G4 Fueling G5 Fueling Vehicle-Hours (FC) % Demand

6 0 0 0 687 390 25 1.42%

7 0 0 0 0 0 0.00%

8 0 0 0 0 0 0.00%

9 0 0 0 0 0 0.00%

10 0 0 0 0 0 0.00%

11 0 0 0 0 0 0.00%

12 0 0 0 0 0 0.00%

13 0 0 0 0 0 0.00%

14 0 0 0 0 0 0.00%

15 0 0 0 0 0 0.00%

16 0 0 0 0 0 0.00%

17 0 0 0 0 0 0.00%

18 0 0 0 0 0 0.00%

19 24739 1006 0 0 1480 82.29%

20 0 0 0 0 0 0.00%

21 0 0 0 0 0 0.00%

22 0 0 0 0 0 0.00%

23 0 0 0 0 0 0.00%

24 0 3053 0 0 192 10.68%

1 0 0 0 0 0 0.00%

2 0 0 0 0 0 0.00%

3 0 0 2468 2366 101 5.61%

4 0 0 0 0 0 0.00%

5 0 0 0 0 0 0.00%
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 5.3.2 Large SAEV Fleet Deployment 

 As mentioned in Section 2.2.3 Shared Mobility Overview, researchers have found 

ridesharing to be a critical aspect to the sustainability of the overall autonomous vehicle-

enhanced transportation network, mostly as a means of reducing VMT. Micro-SAEVs do not 

have the ability to offer ridesharing and must therefore increase VMT as the result of not being 

able to provide overlapping trips to passengers (i.e., Micro-SAEVs must serve person-trips 

sequentially, and travel some distance empty to reach another passenger). Large-SAEVs can 

convey more than one occupant and can therefore allow for passengers to participate in 

ridesharing (i.e., allowing multiple to ride in a single vehicle at once). Such a system could also 

assign vehicles to pick up additional passengers mid-trip, thus becoming a system commonly 

referred to as a Dynamic Ride Sharing (DRS) service [174]. The VMT impacts of such a service 

has been found to have an increase or decrease on VMT, though generally a decrease on VMT 

for studies which do not consider induced demand (i.e., the increased demand for trips coming 

from people who would otherwise not have been traveling) [175]. The Nice-SAEV program is 

one such program that does not consider induced demand, as the hypothetical scenario 

encompasses just the replacement of anticipated conventionally-driven vehicles from the 

mentioned trip purposes, and many examples of similar studies measuring VMT impacts of DRS 

systems replacing present travel behavior exist. For example, on the extreme end of possibility, a 

study of Manhattan in New York City was studied by Santi et al., who measured a maximum 

reduction of VMT by 40% compared to current taxi VMT with SAVs with at least a capacity of 

3 [176]. A relatively large, but less trip-dense study by researchers from the International 

Transport Forum measured the impact of a mixed fleet of 6-passenger SAVs, with 8 and 16-

passenger SAV-busses for the city of Lisbon, Portugal [177]. This SAV fleet, when displacing 
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the entire fleet of conventionally driven vehicles (i.e., all motorized trips) for Lisbon, resulted in 

an overall reduction in VMT by 37%. For a scenario of just using 6-passenger SAVs, VMT 

decreased by 25%. A study by Amey measured the potential for commuters to MIT to participate 

in ridesharing, and if choosing to rideshare, what the VMT impacts would be if met using an 

allocation algorithm similar to a DRS fleet. They found that if the about 50-77% of eligible 

commuters choose to rideshare by picking up another passenger (i.e., for a total of 2 people in 

the vehicle), the VMT would decrease by approximately 9-27% [178]. A study from UC Davis 

researchers investigated research into the effect of VMT fees on induced demand using the San 

Francisco Chained Activity Modeling Process (SF-CHAMP), finding that for a base-case without 

induced demand, DRS can reduce VMT by up to 23.1% [175], [179]. In a comparison between 

shared and non-shared taxis for replacing home-based work trips, Burghout et al. measured the 

impact of autonomous taxi fleet performance (increased passenger wait time, and increased time 

on road) on network VMT, without pre-defining passenger capacities for the fleet of vehicles 

[180]. For a non-shared AV-replacement system, VMT increased by 24%. When using SAVs, 

VMT decreased by 11-24% for passenger wait-times of 10 minutes and 15 minutes, and 

maximum trip times increased by 30% and 50%, respectively. An additional study into the 

potential decrease of VMT as the result of a city-to-region-wide DRS system was performed by 

Heilig et al., who studied various transportation network impacts (e.g., VMT and total SAV Fleet 

size) for a region surrounding and including Stuttgart, Germany [181]. Using a scenario where 4-

seat SAVs at near full-capacity replace all vehicle demand, they found that a maximum of 24% 

of VMT could be reduced compared to the base case of present-day VMT. Note, however, that 

this study allowed for transportation mode shifts (e.g., some SOV commuters switched to biking 

for shorter trips, etc.), and as a result, the percent of trips spent as either the driver or passenger 
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of a vehicle decreased from approximately 57% to 39%. This is a departure from the assumption 

of the Nice-SAEV program, which does not change modal choices. Thus, relative to the Large-

SAEV scenario, this study yields a relatively aggressive estimate of VMT reductions.  

 The degree to which rides can be shared (i.e., the average occupancy at any given time) 

depends on the passengers available to share that ride at that specific time. For example, 

researchers with the International Transport Forum published a study measuring the overall 

average occupancy of a fleet of generic HOV-SAVs, finding an increased average occupancy 

throughout a day with distinct peaks and lulls in ridesharing demand. The researchers also found 

a relatively even average vehicle occupancy when compared to the standard morning and 

evening peaks in demand [182]. The hourly person-trip demand for this study uses intra-TAZ 

travel patterns, which are approximately 93% non-work based. The resulting hourly person-trip 

demand is a relatively smooth when compared to standard work-based trips, which have distinct 

morning and evening peaks. Therefore, assuming an average vehicle capacity throughout the day 

for Large-SAEVs approximates such anticipated SAV-fleet behavior even more closely. Winter 

et al. performed a study for the Dutch city of Arnhem, in which 2, 4, 8, 10, 20, and 40-passenger 

SAVs were evaluated for relative passenger wait-times required, fleet size, and overall system 

cost [183]. For fleets of 10-passenger vehicles comparable performance characteristics of 

studies, the average vehicle occupancy was measured to be approximately 5 passengers 

throughout the day. Additional researchers have affirmed these findings, as evidenced by the 

aforementioned study for Lisbon, Portugal, where researchers found an average occupancy of 

their 8-seat SAV-bus to be 4.2 passengers [177].  

 The Large-SAEV scenario assumes similar performance to these studies, where an average 

occupancy of the 8-seat SAEVs is 4-passengers throughout the day. While the VMT increases of 
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the Micro-SEAV scenario were based on the non-DRS (i.e., private) SAEVs, the ability for DRS 

means that the Large-SAEVs will be likely to reduce VMT, under the assumption that the Nice-

SAEV program stays open to just the individuals who would otherwise drive or ride in vehicles. 

VMT reductions typical of such networks in urban settings, varying in terms of vehicle 

occupancy, fleet sizes, and trip density span 9-40%. The Large-SAEV scenario of the Nice-

SAEV program therefore conservatively estimates an intra-zonal VMT reduction of 15%. This 

assumption on the lower-end of anticipated VMT reductions is in part made due to the relative 

average trip density of the present study and pervious works. In terms of person-trips taken per 

square mile within each TAZ, is measured to be 1310 person-trips/sq. mile per day for SAEVs 

performing trips in the Nice-SAEV program. On the extreme end of trip density, the Manhattan 

study by Santi et al. was performed on a network with approximately 15 times the trip density, 

with many trips being able to overlap one another, and thus corresponding to a 40% VMT 

reduction. Such VMT reduction is too great to assume reasonable for the Nice-SAEV program 

and a more conservative figure, more in line with the studies garnering more modest VMT 

reductions, is used. This Large-SAEV network performance is illustrated below. 
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Figure 77: Large-SAEV Fleet Deployment Performance Illustration  

 Where the Micro-SAEVs represent the least ridesharing ability and lowest range, the 

ridesharing ability and high range of the Large-SAEVs immediately appear as valuable when 

reviewing the fleet deployment information provided below. 
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Figure 78: BEV Large-SAEV Fleet Distribution, Level 2 Charging 

 Note that the increased capacity of the battery, which has a useful capacity of 87.04 kWh, 

requires a relatively long charging time. While the range on these vehicles is relatively long, the 

charging time is significant, requiring staggered charging behavior for Group 3 as some return to 

the station sooner than others. Due to the large range and ridesharing ability of these vehicles, 

just 21,527 are required to meet the person-trip demand which averages to approximately 62 per 

station. 

 The corresponding charging behavior is shown below. 

Hour % of demand Trips in Hour # 8S BEV-SAEVs Group 1 Range Group 2 Range Group 3 Range

6 5.89% 616346 16823 16823 293

7 5.89% 616346 16823 16823 276

8 5.89% 616346 16823 16823 259

9 5.89% 616346 16823 16823 242

10 6.86% 717467 19583 16823 225 2760 293

11 6.86% 717467 19583 16823 208 2760 276

12 6.86% 717467 19583 16823 191 2760 259

13 6.86% 717467 19583 16823 174 2760 242

14 6.86% 717467 19583 16823 157 2760 225

15 7.54% 788677 21526 16823 140 2760 208 1944 293

16 7.54% 788677 21526 16823 123 2760 191 1944 276

17 7.54% 788677 21526 16823 106 2760 174 1944 259

18 7.54% 788677 21526 16823 89 2760 157 1944 242

19 1.41% 147265 4019 2075 140 1944 225

20 1.41% 147265 4019 2075 123 1944 208

21 1.41% 147265 4019 2075 106 1944 191

22 1.41% 147265 4019 2075 89 1944 174

23 1.41% 147265 4019 2075 72 1944 157

24 1.41% 147265 4019 2075 55 1944 140

1 1.41% 147265 4019 2075 38 1944 123

2 1.41% 147265 4019 2075 21 1944 106

3 0.26% 26825 732 732 89

4 0.26% 26825 732 732 72

5 0.26% 26825 732 732 55
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Figure 79: BEV Large-SAEV Grid Demand Profile, Level 2 Charging 

 The number of chargers required to support the BEV Large-SAEV fleet with a Level 2 

charging protocol is 17,508, which equals the maximum number of vehicle-hours for this 

scenario. Each station on average would need 50 chargers to support this fleet. A clear and 

comprehensive comparison between SAEV fleet deployments is described in the final section of 

this chapter.  

 5.3.2.2. BEV Large-SAEV Fleet Behavior and Level 3 Charging Profile 

 The following figure illustrates the vehicle deployment of Level-3 charging BEV Large-

SAEVs. As was the case with the Micro-SAEVs, the fleet deployments for this scenario yielded 

the same size and timing of vehicle groups as the Level 2 charging SAEVs, 21,527.  

Hour G1 Charging G2 Charging G3 Charging  Vehicle-Hours (L2) % Demand

6 0 2075 1212 4019 2.78%

7 0 2075 1212 4019 2.78%

8 0 2075 1212 3556 2.46%

9 0 2075 732 2807 1.94%

10 0 2075 732 2807 1.94%

11 0 2075 732 1976 1.37%

12 0 0 0 0 0.00%

13 0 0 0 0 0.00%

14 0 0 0 0 0.00%

15 0 0 0 0 0.00%

16 0 0 0 0 0.00%

17 0 0 0 0 0.00%

18 0 0 0 0 0.00%

19 16823 685 0 17508 12.10%

20 16823 685 0 17508 12.10%

21 16823 685 0 17508 12.10%

22 16823 685 0 17508 12.10%

23 16823 685 0 16914 11.69%

24 16823 0 0 16823 11.63%

1 16823 0 0 11843 8.19%

2 0 0 0 0 0.00%

3 0 2075 1212 3287 2.27%

4 0 2075 1212 3287 2.27%

5 0 2075 1212 3287 2.27%

732

732

732



126 

 

 

Figure 80: BEV Large-SAEV Fleet Distribution, Level 3 Charging 

 Note that it is not necessarily always the case for the same number of SAEVs to be required 

despite a lower downtime. There is a general benefit for having minimal downtime (e.g., fast 

recharging or refueling), as a minimal downtime would maximize the opportunities for a group 

of SAEVs to enter back into neighborhoods and serve trips. The resulting charging behavior of 

this fleet deployment is seen below.  

 

Hour % of demand Trips in Hour # 8S BEV-SAEVs Group 1 Range Group 2 Range Group 3 Range

6 5.89% 616346 16823 16823 293

7 5.89% 616346 16823 16823 276

8 5.89% 616346 16823 16823 259

9 5.89% 616346 16823 16823 242

10 6.86% 717467 19583 16823 225 2760 293

11 6.86% 717467 19583 16823 208 2760 276

12 6.86% 717467 19583 16823 191 2760 259

13 6.86% 717467 19583 16823 174 2760 242

14 6.86% 717467 19583 16823 157 2760 225

15 7.54% 788677 21526 16823 140 2760 208 1944 293

16 7.54% 788677 21526 16823 123 2760 191 1944 276

17 7.54% 788677 21526 16823 106 2760 174 1944 259

18 7.54% 788677 21526 16823 89 2760 157 1944 242

19 1.41% 147265 4019 2075 140 1944 225

20 1.41% 147265 4019 2075 123 1944 208

21 1.41% 147265 4019 2075 106 1944 191

22 1.41% 147265 4019 2075 89 1944 174

23 1.41% 147265 4019 2075 72 1944 157

24 1.41% 147265 4019 2075 55 1944 140

1 1.41% 147265 4019 2075 38 1944 123

2 1.41% 147265 4019 2075 21 1944 106

3 0.26% 26825 732 732 89

4 0.26% 26825 732 732 72

5 0.26% 26825 732 732 55
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Figure 81: BEV Large-SAEV Grid Demand Profile, Level 3 Charging 

 Though the number of Large-SAEVs required to support the Nice-SAEV program remained 

the same despite increasing the charging rate, the number of chargers required decreases slightly. 

Assuming a minimal time to re-position SAEVs at chargers, the faster charging protocol could 

finish the group of 685 vehicles in less than one hour, resulting in the lower overall vehicle-hours 

measurement, and thus resulting in an overall number of charging spaces for Large-SAEVs to 

become 17,149, or approximately 49 per station.  

 5.3.2.3. FCEV Large-SAEV Fleet Behavior and Fueling Demand Profile  

 Below is the fleet-deployment for the FCEV Large-SAEV fleet. Note that the same number 

of vehicles is required for this scenario as was the case for both BEV scenarios at 21,527 

Hour G1 Charging G2 Charging G3 Charging Vehicle-Hours (L3) % Demand

6 0 0 732 732 3.58%

7 0 0 732 542 2.65%

8 0 0 0 0 0.00%

9 0 0 0 0 0.00%

10 0 0 0 0 0.00%

11 0 0 0 0 0.00%

12 0 0 0 0 0.00%

13 0 0 0 0 0.00%

14 0 0 0 0 0.00%

15 0 0 0 0 0.00%

16 0 0 0 0 0.00%

17 0 0 0 0 0.00%

18 0 0 0 0 0.00%

19 16823 685 0 17149 83.83%

20 16823 0 0 11848 57.92%

21 0 0 0 0 0.00%

22 0 0 0 0 0.00%

23 0 0 0 0 0.00%

24 0 0 0 0 0.00%

1 0 0 0 0 0.00%

2 0 0 0 0 0.00%

3 0 2075 1212 3287 16.07%

4 0 2075 1212 2435 11.90%

5 0 2075 1212 0 0.00%



128 

 

SAEVs. This is largely due to the rather similar vehicle range, which for both vehicle types more 

than able to perform trips through the morning and mid-day peak of person-trips.  

 

Figure 82: FCEV Large-SAEV Fleet Distribution 

A difference to note between the BEV and FCEV fleets is the difference in range remaining 

for each. Specifically, the first group of FCEV Large-SAEVs returns to the SAEV station with 

114 miles of range left. By comparison, 89 miles remain for the BEV-SAEV. Aside from being 

less dependent on frequent fueling, this enhanced range would also lead to more potential service 

opportunities should another construct be considered by future researchers. The following figure 

illustrates the fueling behavior of this fleet of FCEV Large-SAEVs. 

Hour % of demand Trips in Hour # 8S FCEV-SAEVs Group 1 Range Group 2 Range Group 3 Range

6 5.89% 616346 16823 16823 318

7 5.89% 616346 16823 16823 301

8 5.89% 616346 16823 16823 284

9 5.89% 616346 16823 16823 267

10 6.86% 717467 19583 16823 250 2760 318

11 6.86% 717467 19583 16823 233 2760 301

12 6.86% 717467 19583 16823 216 2760 284

13 6.86% 717467 19583 16823 199 2760 267

14 6.86% 717467 19583 16823 182 2760 250

15 7.54% 788677 21526 16823 165 2760 233 1944 318

16 7.54% 788677 21526 16823 148 2760 216 1944 301

17 7.54% 788677 21526 16823 131 2760 199 1944 284

18 7.54% 788677 21526 16823 114 2760 182 1944 267

19 1.41% 147265 4019 2075 165 1944 250

20 1.41% 147265 4019 2075 148 1944 233

21 1.41% 147265 4019 2075 131 1944 216

22 1.41% 147265 4019 2075 114 1944 199

23 1.41% 147265 4019 2075 97 1944 182

24 1.41% 147265 4019 2075 80 1944 165

1 1.41% 147265 4019 2075 63 1944 148

2 1.41% 147265 4019 2075 46 1944 131

3 0.26% 26825 732 732 114

4 0.26% 26825 732 732 97

5 0.26% 26825 732 732 80
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Figure 83: FCEV Large-SAEV Grid Demand Profile 

Assuming refueling takes 6 minutes per SAEV, with negligible time for re-positioning of 

SAEVs during the refueling process, there would need to be 1109 refueling spaces total to 

support the Nice-SAEV program with these vehicles. This means that would need to be just over 

3 refueling spaces per SAEV station. Despite having a larger tank than the FCEV Micro-SAEV 

(i.e., 5 kg vs 2.5 kg), less efficiency that the FCEV, and a longer refueling time, because the 

dramatically reduced number of SAEVs required, there is a net reduction in the number of 

refueling spaces required to support the Nice-SAEV program.   

5.4 SAEV Stations and SAEV Fleets: Summary and Conclusions 

Each prototype SAEV has been evaluated using the same Nice-SAEV program construct to 

measure fleet-centric impacts. The resulting impacts are shared below in the following table. 

Note that “PS” in the table below represents the number of Parking Spaces. 

 

 

Total SAEVs out Out/Needed Hour G1 Fueling G2 Fueling G3 Fueling Vehicle-Hours (FC) % Demand

16,823                 0 6 0 0 732 55 3.88%

16,823                 0 7 0 0 0 0 0.00%

16,823                 0 8 0 0 0 0 0.00%

16,823                 0 9 0 0 0 0 0.00%

19,583                 0 10 0 0 0 0 0.00%

19,583                 0 11 0 0 0 0 0.00%

19,583                 0 12 0 0 0 0 0.00%

19,583                 0 13 0 0 0 0 0.00%

19,583                 0 14 0 0 0 0 0.00%

21,527                 0 15 0 0 0 0 0.00%

21,527                 0 16 0 0 0 0 0.00%

21,527                 0 17 0 0 0 0 0.00%

21,527                 0 18 0 0 0 0 0.00%

4,019                    0 19 16823 685 0 1109 78.51%

4,019                    0 20 0 0 0 0 0.00%

4,019                    0 21 0 0 0 0 0.00%

4,019                    0 22 0 0 0 0 0.00%

4,019                    0 23 0 0 0 0 0.00%

4,019                    0 24 0 0 0 0 0.00%

4,019                    0 1 0 0 0 0 0.00%

4,019                    0 2 0 0 0 0 0.00%

732                       0 3 0 2075 1212 249 17.61%

732                       0 4 0 0 0 0 0.00%

732                       0 5 0 0 0 0 0.00%
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Table 9: Fleet-Centric Energy Impact Summary Table 

SAEV Prototype 

# SAEVs 

Required 

(Per Station) 

# Charging 

/Refueling Spaces 

(Per Station) 

VMT  

(%Δ VMT) 

Total Energy 

(kWh or kg H2) 

BEV Micro-SAEV, L2 
56395 

(161) 

24739 

(71) 

5,132,615 

(+36.6%) 
790423 

BEV Micro-SAEV, L3 
56395 

(161) 

11107 

(32) 

5,132,615 

(+36.6%) 
790423 

FCEV Micro-SAEV 
31,656 

(90) 

1716 

(5) 

 4,946,625 

(+31.4%)  
51207 

BEV Large-SAEV, L2 
21527 

(62) 

17508 

(50) 

 3,347,720 

(-11.1%)  
964143 

BEV Large-SAEV, L3 
21527 

(62) 

17149 

(49) 

 3,347,720 

(-11.1%)  
964143 

FCEV Large-SAEV 
21527 

(62) 

1109 

(3) 

 3,347,720 

(-11.1%)  
49010 

 

For Micro-SAEV scenarios, there are distinct differences between BEV and FCEV-

powertrain vehicles. The number of FCEV Micro-SAEVs required to serve the Nice-SAEV 

program is nearly half the number of BEV SAEVs. This is partially due to the nature of the 

construct (e.g., the timing of trips from CSTDM, assumptions made about fleet behavior, etc.), 

but also due to the longer range and downtime of the FCEVs. Note that despite the rather 

dramatic decrease in number of SAEVs required, the percent change in VMT from the CSTDM 

base case VMT is marginally different by comparison. This means that each FCEV Micro-SAEV 

is performing more trips per vehicle than the BEVs.    

For the Large-SAEVs, the number of vehicles required remained the same for all scenarios, 

largely highlighting the value of having a long range for vehicles deployed in the Nice-SAEV 

program. This result also indicates that at a certain point, if SAEVs can serve trips for most of 

the day without needing a charge or refuel, then there is little difference in the number of 

vehicles required for the fleet regardless of the powertrain chosen. Additionally, there is a small 
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difference between the number of spaces required for Level 2 and Level 3 BEV Large-SAEVs, 

indicating the relatively large influx of vehicles at the SAEV station in the afternoon could not be 

addressed within in a single hour, as the Micro-SAEVs had been.  

Changes to VMT are rather minimal within Micro and Large-SAEV categories, yet when 

these broader categories are compared with one another, ridesharing clearly makes for significant 

differences between the Nice-SAEV program and the base case. Again, the Nice-SAEV program 

is restricted to folks who would use their LDVs to drive within their neighborhood. This analysis 

does not consider the effect of induced demand due to the likely attractiveness of the Nice-SAEV 

program, which would account for hypothetical citizens who wish to cease riding the bus, 

walking, biking, and so on, and thus shift other person-miles-traveled towards SAEV-VMT. If 

such induced demand was included, there would likely be an increase in VMT relative to the 

base case for both Micro and Large-SAEVs.  

Lastly, despite far less VMT for the Large-SAEVs, there is a significant increase in overall 

energy consumed for BEVs, and a slight decrease in energy consumed for FCEVs. Starting with 

the BEVs, the per-mile efficiency of the Micro-SAEV is assumed to be 0.154 kWh/mile 

(stemming from a weighted average between High and Low-Profile Sensor efficiencies, biased 

towards the Low-Profile-sensor efficiency), with the Large-SAEV efficiency at nearly double 

with 0.288 kWh/mile. For FCEV Micro-SAEVs, the efficiency is assumed to be 96.6 miles/kg-

H2, with Large-SAEVs at a 68.3 miles/kg-H2 efficiency. Clearly, the FCEVs took less of an 

efficiency decrease when upgrading in size. The energy density of each powertrain is 

dramatically different, with the final weight of the BEV Large-SAEV is nearly 1000 kg heavier 

than the FCEV. 
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6. Measure SAEV Impacts to Energy Grid, GHG, and CAP 

The final stage of this research uses the vehicle and fleet-centric energy impacts from the 

preceding sections to measure the energy and environmental impacts of the Nice-SAEV 

program. The Holistic Energy Grid modelling tool (HiGRID) is used to measure the impacts of 

SAEVs on the projected California grid and grid GHG and CAP emissions. The Greenhouse 

Gases, Regulated Emissions, and the Energy Use in Transportation Model (GREET) is used to 

measure corresponding GHG and CAP impacts to the transportation sector. This section will 

begin with the California energy grid impacts, as measured using the HiGRID model. 

6.1 Impacts of Nice-SAEV Program on California Energy Grid 

The HiGRID model is a tool developed by the Advanced Power and Energy Program at the 

University of California, Irvine. HiGRID was created to evaluate the way that various electrical 

power generation technologies interact in California with a focus on measuring the opportunities 

and challenges of integrating renewable energy resources on the grid [184]. HiGRID is 

temporally resolved on an hourly basis and can be used for California cities as well as the entire 

state. Please refer to the flow chart diagram below for an illustration of HiGRID.  
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Figure 84: Flow Chart of HiGRID Model [185] 

 As can be seen, four modules comprise the HiGRID model. The Renewable Generation 

Module determines the extent to which renewable energy resources are used by taking the 

capacities of various renewable power generation resources as an input. The costs of these 

resources are used as an input for the Cost of Generation module. The Dispatchable Load 

Module creates a net load profile, subject to power generation resource constraints, based on 

hourly electricity demand and the hourly renewable energy generation available. This net load 

profile is created iteratively and accounts for renewable resources that may complement one 

another. The Balance Generation Module is the part of HiGRID that determines the exact 

dispatch of defined power generation resources to meet the given load profile, and the Cost of 

Generation Module determines the final cost of electricity, partially based on a Levelized Cost of 

Electricity (LCOE) model created by the California Energy Commission (CEC).  
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 6.1.1 Nice-SAEV Program Scenario HiGRID Inputs 

 The renewable energy resource capacity is defined in this work to meet the anticipated 2050 

Renewable Portfolio Standard (RPS) for California to reduce GHG emissions by 80% of the 

1990 levels. According to a recent report by Energy and Environmental Economics, Inc. (E3), 

the preferred resource mix to achieve this goal is for the California electric grid to consist of the 

following capacities of renewable resources as shown in the Table below [186].  

Table 10: California Energy Grid Resource Mix, 2050 RPS 

Technology Capacity (GW) 

Rooftop PV 41.5 

Solar 66 

Wind 99.7 

Geothermal 4.86 

Hydropower 15.1 
 

 This mix of resource capacities will serve as an input into HiGRID, and depending on the 

load profile given, different resources will be dispatched to meet the demand. Any load above 

the installed capacities shown is met by load-follower and peaker natural gas power plants in 

HiGRID. The energy loads and the total energy required per fuel type (i.e., electricity and 

hydrogen) are shown below for the Micro-SAEV scenarios.  
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Figure 85: Micro-SAEV Scenario HiGRID Inputs 

 Note the progressively shorter downtime for each SAEV design as the scenarios advance 

from left to right. Also note the slight difference in total VMT between the different powertrain 

SAEVs.  

 The Large-SAEV scenario inputs are shared as well in the following figure. 

Vehicle BEV Micro-SAEV, L2 BEV Micro-SAEV, L3 FCEV Micro-SAEV

Hour Daily Energy Demand % Daily Energy Demand % Daily Energy Demand %

6 1.2% 1.5% 1.4%

7 0.5% 0.0% 0.0%

8 0.0% 0.0% 0.0%

9 0.0% 0.0% 0.0%

10 0.0% 0.0% 0.0%

11 0.0% 0.0% 0.0%

12 0.0% 0.0% 0.0%

13 0.0% 0.0% 0.0%

14 0.0% 0.0% 0.0%

15 27.1% 54.3% 0.0%

16 27.1% 0.0% 0.0%

17 8.0% 0.0% 0.0%

18 0.0% 0.0% 0.0%

19 13.8% 28.2% 82.3%

20 4.5% 0.0% 0.0%

21 1.3% 0.0% 0.0%

22 0.0% 0.0% 0.0%

23 0.0% 0.0% 0.0%

24 6.5% 13.0% 10.7%

1 6.5% 0.0% 0.0%

2 1.9% 0.0% 0.0%

3 1.5% 3.0% 5.6%

4 0.0% 0.0% 0.0%

5 0.0% 0.0% 0.0%

kWh/day 790423 790423 0

kg/day 0 0 51207

Charging rate (kw) 10 50 N/A

Initial VMT 3765392 3765392 3765392

VMT with SAEV 5132615 5132615 4946625

 % Change in VMT 36.3% 36.3% 31.4%
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Figure 86: Large-SAEV Scenario HiGRID Inputs 

Relative to the Micro-SAEVs, there is a similarly decreasing downtime from left to right on 

the chart. However, note how there is less overall downtime for the BEV SAEVs with Level 2 

protocol. For the Level 3 charging protocol and FCEV powertrain-SAEVs, there appears to be 

less downtime for the Large-SAEVs overall than the Micro-SAEVs.  

Vehicle BEV Large-SAEV, L2 BEV Large-SAEV, L3 FCEV Large-SAEV

Hour Daily Energy Demand % Daily Energy Demand % Daily Energy Demand %

6 2.8% 3.6% 3.9%

7 2.8% 2.7% 0.0%

8 2.5% 0.0% 0.0%

9 1.9% 0.0% 0.0%

10 1.9% 0.0% 0.0%

11 1.4% 0.0% 0.0%

12 0.0% 0.0% 0.0%

13 0.0% 0.0% 0.0%

14 0.0% 0.0% 0.0%

15 0.0% 0.0% 0.0%

16 0.0% 0.0% 0.0%

17 0.0% 0.0% 0.0%

18 0.0% 0.0% 0.0%

19 12.1% 83.8% 78.5%

20 12.1% 57.9% 0.0%

21 12.1% 0.0% 0.0%

22 12.1% 0.0% 0.0%

23 11.7% 0.0% 0.0%

24 11.6% 0.0% 0.0%

1 8.2% 0.0% 0.0%

2 0.0% 0.0% 0.0%

3 2.3% 16.1% 17.6%

4 2.3% 11.9% 0.0%

5 2.3% 0.0% 0.0%

kWh/day 964143 964143 0

kg/day 0 0 49010

Charging rate (kw) 10 50 N/A

Initial VMT 3765392 3765392 3765392

VMT with SAEV 3347720 3347720 3347720

 % Change in VMT -11.1% -11.1% -11.1%
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6.1.2 Nice-SAEV Program Scenario HiGRID Energy Mix Results 

The first outputs provided by the HiGRID model to discuss in this work are the changes to 

grid energy mix for each scenario. The energy mixes of HiGRID show the relative contribution 

of energy resources installed on the California grid to support the Nice-SAEV program, as the 

resources deploy to either provide electricity or electrolytically-sourced hydrogen, measured in 

GWh. Given the preceding inputs from the Nice-SAEV program, the following are the impacts 

to the annual electrical energy provided by the projected 2050 California electric grid resources 

per SAEV scenario.  

 

While Solar and Wind resources are generally well-known, peaker-plants are often a lesser 

known grid resource. Contemporary peaker-plants are a relatively high-polluting resource 

employed in times of greatest hourly electricity demand, and grid operators generally prefer to 

avoid their use when possible. However, the projected 2050 peaker plants used in this analysis 

are cleaner than at present. Load-following is the ability of certain energy conversion resources 
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to adjust their power output to better match grid demand. It is important to note that peaker-

plants and load-following plants are both resources which contribute to increased grid GHG and 

CAPs, as will be shown in the following sections.  

Note as well that the preceding figure includes a Conventional BEV case to the left, which 

represents a scenario where the same number of VMT are accomplished by the Nice-SAEV 

program but use conventionally-driven BEVs charging at the conventional timing expected for a 

fleet of privately-owned BEVs. This is included to provide a basis of comparison for the Nice-

SAEV program, highlighting the effects not just due to being different prototypes, but also being 

ZEVs which interact with the California grid differently than conventional ZEVs would.  

These results indicate that there is a greater potential for FCEV-powertrain vehicles to use 

the installed capacity of renewable energy resources than the BEV-powertrain vehicles for the 

scenarios presented. This is due to the timing of energy demand, where BEVs required charging 

during hours which did not correspond with the peak production of renewable power. FCEVs by 

comparison can benefit from the strategic production of hydrogen during the most economical 

and/or least environmentally impactful times of the day and use stored hydrogen gas whenever 

the SAEVs may need the fuel. As BEVs operating with an immediate changing protocol cannot 

transcend this requirement, the introduction of FCEVs to serve these neighborhoods results in a 

greater usage of renewable energy resources. Different BEV charging strategies can affect these 

results, as is described the Future Work section.  

For the BEV cases, there is a general reduction in energy required for the Micro-SAEVs, 

because though they travel more VMT, the vehicles are more efficient than the BEVs projected 

for 2050. The BEV Large-SAEVs have more varied results, due to the relatively great overall 

energy required, and difference in the timing of their power demand. With Large-SAEVs 
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charging at Level 3 mostly during the off-peak production of solar power, there is a relatively 

large increase in peaker-plant resources dispatched to meet this load. This would be something 

for grid operators to be privy to, should such a hypothetical SAEV network scale as presented in 

this work. For the Level 2 charging Large-SAEV, the more temporally diffuse charging demands 

the usage of more load-following resources. This will lead to further points of discussion in the 

CAP results for SO2.  

Finally, note that there is a slight decrease in peaker-plant and load-follower resources used 

for certain scenarios due to an overall load smoothing from the greater deployment of renewable 

resources, represented as negative values on the preceding figure.  

6.1.3 Nice-SAEV Program Scenario HiGRID GHG Results 

The following are the corresponding annual GHG impacts due to the Nice-SAEV program. 

Similar to energy grid mix results, these GHG results are annual totals and show the relative 

potential of the Nice-SAEV program for each of the proposed SAEV cases. California electric 

grid GHG emissions are measured using HiGRID, and the projected GHG emissions from the 

replaced conventionally-driven LDV fleet is measured using the Greenhouse Gases, Regulated 

Emissions, and Energy Use in Transportation Model (GREET). GREET is a spreadsheet-based 

model which estimates the full energy use and fuel-cycle emissions corresponding with a number 

of transportation fuels and vehicle architectures used in LDVs [190]. For this analysis, GREET is 

used to measure the emissions specifically from California-standard fuel production pathways. 
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Figure 87: HiGRID GHG Results, Projected 2050 Grid and LDV Fleet vs Nice-SAEV Program 

 It is immediately noticeable that there is a significant positive impact for replacing the 

projected conventional vehicles with SAEVs for all scenarios. The total reduction in GHG from 

the transportation sector is significantly greater than any increase in grid-associated GHG, as 

measured using the GREET tool specifically for projected vehicles in California. It is important 

to note here that HiGRID and GREET are alike in that they both take more into account than the 

emissions at the vehicle “tailpipe” or power-plant “stack”, with each accounting for the 

emissions associated with fuel supply chains as well. Also note that as of this writing, the 

GREET model is only able to project emissions for vehicle fleets up to the year 2040, which was 

used for this analysis. Because LDV GHG emissions are expected to decrease with time, a 

second perspective on projected emissions was garnered using the Emission Factors (EMFAC) 

model. Developed by and for the California Air Resources Board, EMFAC is used to estimate 

projected vehicular tailpipe emissions up to the year 2050. Though EMFAC gives tailpipe-only 

measurements, it measured a reduction of nearly 300,000 tons of CO2 equivalent GHG 

emissions. For 2040, GREET estimates approximately 375,000 tons of these emissions. A 

reasonable estimate of the actual tailpipe and supply-chain emissions would therefore be 
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between these two values. The conclusion therefore remains the same – any anticipated increases 

in GHG from the California grid are more than offset by the GHG reduced by replacing the 

projected conventionally-driven LDV fleet.  

 Relative to one another, the Micro-SAEVs serve the person-trip demand with the lowest 

GHG impact relative to the Large-SAEVs. This is despite the fact that the Large-SAEVs served 

the person-trips with fewer VMT. This indicates that there is a tradeoff between ridesharing 

capability and the overall efficiency of the vehicle. Here, it is clearly seen that despite having a 

significantly greater VMT due to no sharing capability, the Micro-SAEVs are generally the less 

GHG-impactful vehicles in the configuration presented. Next, the FCEV-SAEVs were able to 

have a remarkably low GHG impact relative to the BEV-SAEVs. As mentioned previously, this 

is a result of strategic timing of hydrogen production so as to minimize the environmental impact 

and cost of the fuel. There is the potential for BEV-SAEVs to benefit from other charging 

protocols rather than immediate, using smart charging, battery swapping, or vehicle-to-grid 

interaction at some point in the future as well. Such investigations are mentioned in the Future 

Work section towards the end of this dissertation. 

 Next, the grid GHG impacts of each SAEV scenario are compared to the grid GHG impacts 

of the conventionally-driven BEV fleet. The SAEVs compare as presented in the figure below. 
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Figure 88: HiGRID GHG Results, Projected 2050 Grid and All-BEV Fleet vs Nice-SAEV Program 

 Recall how the Micro-SAEVs represented an increase in VMT by over 30% for all scenarios, 

yet, these vehicles benefit from tailored design and autonomous-technology-enhanced driving 

behavior and thus perform trips with a significantly higher energy efficiency. The Large-SAEVs, 

by comparison, are relatively inefficient, and demand a great amount of electrical energy when 

plugging back in. Despite the reduced VMT, these vehicles still increase the projected 2050 

California energy grid GHG emissions. Worthy of note, is that the FCEV-SAEVs reduce the grid 

GHG emissions the most, again largely the result of strategic hydrogen production. 

6.2 Impacts of Nice-SAEV Program on Criteria Air Pollutants in California  

With the performance metrics of the SAEV construct defined and California energy grid 

results measured, the next steps are to measure the corresponding grid impacts to select CAPs of 

interest to serve as metrics of environmental impact. CAPs are presently defined as the following 

species: NOx, SO2, ground-level ozone, Particulate Matter (PM), CO, and lead. This study 

focuses on impacts to NOx and SO2 primarily because the energy sector currently has the most 

significant relative impact on these CAPs at a national scale. Additionally, the leading domestic 

sources of NOx are the transportation and energy sectors, each contributing approximately 33% 
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of overall NOx emissions. NOx emissions are detrimental to environmental health both as an 

irritant itself, but also as a precursor to numerous hazards including smog and ground-level 

ozone, acid rain, and the formation of secondary PM. NOx is formed largely as a result of 

combustion processes, and the transition towards solar and wind power resources projected for 

2050 together with and the zero-emissions SAEVs of the Nice-SAEV program together represent 

a combined means of reducing the top sources of NOx.    

While NOx emissions are largely the result of a combination of transportation and energy 

sectors, SO2 emissions are primarily the result of the energy sector alone at the national scale. 

Aside from NOx and SO2, the energy grid has relatively little impact on CAPs when compared to 

other domestic sources such as industry, agriculture, and waste processes.  

To determine the environmental impacts from the various Nice-SAEV program scenarios, 

changes in emissions of NOx and SO2 are measured and compared to reference scenarios. The 

pollutant species are selected as a proxy for impacts on regional air quality as both are regulated 

under the National Ambient Air Quality Standards (NAAQS), and are well-known to have 

harmful human health impacts [187]–[189].  

As with the measurement of GHG emissions for the replaced conventionally-driven LDV 

fleet, this work uses the GREET Model to measure the transportation-sector CAP impacts of the 

Nice-SAEV program.  

6.2.1. Impacts of Nice-SAEV Program on Projected 2050 California Grid NOx Emissions 

This results section compares the relative impacts of each Nice-SAEV scenario on California 

NOx emissions. Please refer to the figure below for this comparison.  
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Figure 89: Total Annual NOx Emissions, Projected 2050 California Grid 

 Note how this chart bears resemblance to the CO2-equivalent GHG emissions chart shown in 

the preceding section. A clearer view of these relative impacts to NOx emissions is presented in 

the figure shown below. 

 

Figure 90: Relative Total Annual NOx Emissions, Projected 2050 California Grid, SAEV Program vs Projected 

LDV Fleet 

 With this clearer perspective on the impact of the Nice-SAEV program on 2050 California 

grid NOx emissions, one can see a similar relatively minor impact caused by the additional 

5720

5730

5740

5750

5760

5770

5780

5790

5800

5810

BEV-Micro-L2 BEV-Micro-L3 FCEV-Micro BEV-Large-L2 BEV-Large-L3 FCEV-Large

M
et

ri
c 

T
o

n
s 

o
f 

N
O

x
Total Annual NOx Emissions, Projected 2050 California Grid

Conventional 

BEVs

Grid w/o BEVs

0 10 20 30 40 50 60

FCEV-Large

BEV-Large-L3

BEV-Large-L2

FCEV-Micro

BEV-Micro-L3

BEV-Micro-L2

Metric Tons of NOx

Relative Change in Annual California Grid NOx Emissions, Nice-SAEV 

Program vs Projected 2050 LDV Fleet



145 

 

FCEVs in the network. Note that the GREET results for the transportation sector emissions were 

not included on this chart. The NOx emissions reduced by replacing the conventionally-driven 

LDV fleet is measured at 290.9 metric tons, far offsetting the increase in NOx on the grid side of 

the Nice-SAEV program, and once again highlighting the relative environmental importance of 

incorporating SAEVs on California roadways. As another perspective, the Nice-SAEV program 

impacts relative to an all-BEV scenario are found below.  

 

Figure 91: Relative Change in Annual California Grid NOx Emissions, Nice-SAEV Program vs All-BEV Fleet 

 Note that the NOx emissions again track well with the CO2-equivalent GHG emissions 

previously shared.  

 6.2.2. Impacts of Nice-SAEV Program on SO2 Emissions  

 Sulfur is added to natural gas as an odorant to provide a people with an indication that there 

may be a hazardous leak nearby. While helpful for general safety, the SO2 gas formed 

predominantly by the energy sector poses great risks to human and ecological health in increased 

rates of asthma, increased formation of PM, and damage to local flora. While NOx emissions are 
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presently the result of mostly the energy and transportation sectors together, SO2 emissions are 

mostly the result of the energy sector alone. It is important to note that while NOx appeared to be 

affected proportional to the GHG impacts shared, not all CAPs are affected proportionally to the 

CO2-equivalent GHG emissions discussed. Please refer to the figure below for an illustration of 

the annual emissions of SO2 from the projected California energy grid.  

 

Figure 92: Total Annual SO2 Emissions, Projected 2050 California Grid 

 While most scenarios have similarities to both the GHG and NOx results, the relative impact 

of Level 2 and Level 3-charging BEV Large-SAEVs have inverted from the past scenarios. The 

results of the energy mix used may help indicate why, as there is a different dispatch of resources 

from the Level 2 and Level 3 scenarios. Specifically, the Level 3 BEV Large-SAEV scenario 

rely on an increased dispatch of peaker-plants, whereas the Level-2 BEV Large-SAEV scenario 

results in a partial mix between peaker-plants and load-following for the extra electrical energy. 

It is worthy to note that all combustion for this grid mix is assumed to use natural gas as fuel, 

regardless of technology, though HiGRID uses emissions factors which correspond to greater 

SO2 emissions from load-following plants, relative to peaker-plants.  
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 Please refer to the figure below for a comparison of the SO2 emissions resulting from the 

Nice-SAEV program relative to the projected 2050 LDV fleet. 

 

Figure 93: Relative Change in Annual California Grid SO2 Emissions, Nice-SAEV Program vs Projected 2050 LDV 

Fleet 

The clearer perspective on the above scenario helps to see that, the relative SO2 emissions for 

Level 2 and Level 3 BEV Large-SAEVs are about proportional-and-opposite to the NOx 

emissions. Where Level 3 NOx emissions were about double those of Level 2 for this relative 

comparison, now the SO2 emissions are doubled by operating the Nice-SAEV program with a 

Level 2 charging protocol. This is because the Level 2 and Level 3 BEV Large-SAEVs charge 

using different grid resources, as presented in the energy grid mix results. For Large-SAEVs 

charging at Level 2, there is a greater dependence on load followers than for the Level 3. This 

means that the load following grid resources are projected to emit more SO2 than the peaker 

plants. Again, the GREET results indicate a wide offset of grid emissions by the reductions from 

the projected transportation-sector emissions, with GREET measuring transportation-sector SO2-

emissions reduced at 75.7 metric tons. 
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The final comparison of California grid SO2 emissions for the Nice-SAEV program is 

relative to an all-BEV scenario, as shown in the figure below. 

 

Figure 94: Relative Change in Annual California Grid SO2 Emissions, Nice-SAEV Program vs All-BEV Fleet 

With this closer perspective, the Nice-SAEV program is clear to have a more positive 

relative impact to SO2 emissions than to the NOx emissions when compared to an all-BEV future 

scenario. Specifically, where both BEV Large-SAEVs increased NOx emissions before, just one 

BEV Large-SAEV increased SO2 emissions. Overall, this is just one scenario where the Nice-

SAEV program was not an improvement to an otherwise entirely-ZEV future from a grid-centric 

perspective.  

6.3 Energy Grid GHG and CAP Impacts Summary 

The widest range of prototype SAEVs have been evaluated for their effect on the California 

energy grid GHG and CAP impacts to help illustrate the relative impacts of these vehicles as part 

of a hypothetical deployment construct. Vehicle sharing, in the sense of pooled-rides, is a key to 

transportation sustainability. Yet, relative to high-efficiency single-occupancy Micro-SAEVs, 
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there was an overall increase in energy consumed for some of the Large-SAEV prototypes 

shared, thus affirming the importance of vehicle efficiency in the overall network. Such result 

represents a tradeoff between the efficiency of the overall fleet in allocating rides (e.g., with 

VMT serving as the metric for allocation efficiency) and the efficiency of the individual SAEVs 

themselves. The tradeoff between vehicle and fleet-centric efficiency highlights a superseding 

theme of this work, that vehicle-centric and fleet-centric energy impacts must be considered in 

tandem to garner a full understanding of SAEV-network performance.  

In terms of environmental impacts, the GHG and CAP impacts of the Nice-SAEV program to 

the projected California energy grid were minimal for the FCEV-powertrain prototypes shared. 

However, the deployment of all SAEV prototypes resulted in a substantial overall net reduction 

in GHG and both CAPs due to the replacement of the projected conventionally-driven LDV fleet 

with SAEVs in the transportation sector. Such results indicate the relative importance of each of 

these sectors in their potential for alleviating environmental damage through the adoption of 

SAEV technologies. 
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7. Conclusions  

7.1 Vehicle-Centric Energy Impact Conclusions 

• Installing SAV technology (e.g., communications equipment, cameras, radar, etc.) 

increases electrical power consumption, weight, and potentially the aerodynamic drag 

of the vehicle. Of these factors, electrical power consumption by far has the greatest 

negative impact on efficiency.  

Installing and operating SAV technology without garnering the benefits of eco-driving and 

platooning can reduce overall vehicular energy efficiency by 5-10%. Approximately 70-80% 

of this decrease is due to the additional power consumption of the SAV equipment. Put in 

context, the power consumption of the most power-intensive SAV technologies is similar to a 

contemporary air conditioning compressor, which negatively affects efficiency on a similar 

scale. In the future, efficient on-board computers and sensors should reduce the power 

consumption. Future efforts to refine the calculation of CdA using wind tunnel testing or 

CFD simulation could alter this relative importance. 

• Eco-driving and platooning for “Large-Sensor”-equipped vehicles are required to 

mitigate the efficiency decrease associated with the addition of sensors.  

The energy consumption of SAV technology is significant, as are the efficiency 

improvements that such technologies can facilitate. However, if a vehicle is outfitted with a 

relatively large and energy intensive set of sensors that support 250m-or-less range of 

communications for eco-driving behavior and provide a 10% reduction in drag from 

platooning, the overall impact on efficiency just breaks even or becomes slightly negative. 

The threshold for such vehicles is typically a 350m range of V2I together with a 20% 

reduction in drag. While energy is a primary focus of this work, it is worthy to note that the 
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benefits of this SAEV network are still likely strong with improved safety, convenience, 

affordability, and greater access. 

• V2I-enabled variable speed limit messages offered diminishing returns on efficiency 

improvement when communication range exceeded 350m.  

V2I range was tested in 250m, 350m, and 450m increments. While a significant 

improvement was measured between 250m and 350m (typically doubling the efficiency 

improvement), the 350m to 450m increment often resulted in just a slight efficiency 

improvement (typically just one or two percent improvement). Therefore, should planners 

choose to implement V2I systems to help improve vehicular energy efficiency via advanced 

notice of upcoming red-lights or similar speed oscillations, and have the choice of operating 

range, the standard-to-long-range V2I communications devices are adequate for near 

maximum efficiency improvement. Planners should note however, that while the efficiency 

improvement may be diminishing, important messages relating to safety may still be valuable 

with more advanced notice.  

• V2V-enabled platooning offers progressively improving efficiency as drag decreases.  

To the extent safe, individual vehicles participating in V2V-enabled platoons should be 

positioned in the closest proximity to one another.  While a range of potential drag reductions 

was tested and discussed, future research efforts would be prudent to identify the extent to 

which drag can be reduced via the platooning of vehicles of various frontal area, drag 

coefficient, and so on. Note that the preceding definition of platooning does not consider 

another potential scenario involving non-connected vehicles, where the lead-vehicle of a 

platoon could use non-communications-based sensors (e.g., radar, cameras, LiDAR, etc.) to 
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safely, closely follow a nearby non-connected vehicle. Such situation may be possible and 

would further reduce average aerodynamic drag of the platoon if employed.  

7.2 Fleet-Centric Energy Impact Conclusions 

• FCEV-powered SAEVs can accomplish the same level of service with 16-28% fewer 

vehicles 

SAEV-fleet sizes depend greatly on the range and minimal downtime (e.g., due to 

refueling/recharging). Assuming similar performance to present day vehicles, FCEVs have a 

significant advantage. BEVs may benefit from battery-swap capability, and future work can 

cover a comparison between these and other potential technologies.  

• The first SAEV stations in California, if sited based on proximity to intrazonal activity 

and public transit stations, should be constructed starting in Los Angeles County. 

The first 10 SAEV stations sited for the validated 2010 scenario include 8 in Los Angeles 

County, with 4 of the 10 in Los Angeles County for the 2050 scenario, both times 

representing the most stations in any single county. Such would be pertinent information 

should policymakers wish to investigate locations with the most potential for an actual Nice-

SAEV deployment.  

7.3 Energy and Environmental Impact Conclusions 

• Environmental impacts depend largely on the overall energy efficiency of the individual 

SAEV 

Though the Fleet-Centric energy impacts showed a reduction in VMT for shared vehicles, 

the sharing of relatively inefficient vehicles was measured to have a worse overall energy 

consumption than the highly-efficient single-occupancy Micro-SAEVs for the BEV 

powertrain. The benefits of ridesharing are still evident and valuable, it is just important to 
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consider that there are tradeoffs when designing such a SAEV network. Future efforts could 

consider the middle-ground of somewhat efficient, yet shareable, SAEVs such as the 

Medium-SAEV prototypes presented in this work. Furthermore, policymakers may want to 

consider incentives or other regulatory measures as written into upcoming environmental 

legislation to ensure that both efficient and sharable SAEVs are used. 

• There are energy and environmental advantages for SAEVs with the ability to charge 

or refuel at strategic times. 

The scenarios presented for this work highlight the differences between FCEVs and BEVs 

using immediate charging protocols. Because the hydrogen for FCEVs can be produced and 

stored at separate times from vehicle demand, the production of hydrogen can be timed at 

least cost and/or environmental impact. For immediate charging BEVs, there is no temporal 

separation between the time they need to charge and the time that electrical power must be 

provided. The resulting impacts to energy grid mixes employed, GHG emissions, and CAPs 

are shown to be significant. 

7.4 Future Work  

• Determine the optimal eco-driving strategies for each prototype SAEV  

While this work demonstrates the potential for FETCH, future studies could use FETCH to 

determine the best acceleration and deceleration profiles for each specific vehicle, rather than 

the same profile for each vehicle. While a valuable basis for comparison and preferred for the 

scope of this work, the future potential for FETCH to be a platform for numerous tests is 

demonstrated as well, especially in the vehicle-design context. 

• Measure total CdA per SAEV prototype using computational fluid dynamics (CFD) 

software or wind tunnel testing.  
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The CdA of the high-profile SAEV sensor installation was estimated by adding the CdA of 

the base vehicle with the CdA of the high-profile sensor package. Future studies could 

improve the accuracy of this estimation by empirically measuring the CdA of such sensor-

equipped vehicles using wind-tunnel testing or using CFD software. 

• Determine the optimal platooning distance for each SAEV using CFD or wind-tunnel 

testing, and measure the corresponding reductions in aerodynamic drag 

Again, within the scope of this work, the use of an easily compared metric for all different 

SAEV architectures is preferred. However, future work could hone these parameters and 

determine under what conditions each SAEV would best perform in a platoon (either mixed-

vehicle, or same-vehicle), and measure the resulting aerodynamic drag.  

• Determine the optimal eco-driving profiles for each prototype SAEV  

While this work demonstrates an example deceleration profile for use in the range of eco-

driving scenarios, another natural extension of this work would be to explore the potential for 

each prototype to have an optimal deceleration profile based on specific vehicle 

characteristics.  

• V2I communication validation using Hardware-in-Loop (HIL)-equipment, or 

validation using real-world testing 

The additional validation of V2I communication using HIL simulation, or real-world testing 

would be an appropriate next step for this work. The Horiba Institute for Mobility and 

Connectivity (HIMaC) is expected to fill this niche at UC Irvine in the near future. 

• Optimize Dispatch of the Nice-SAEV Vehicle Fleets  

The fleet allocation strategy employed for the hypothetical scenarios provide reasonable use 

cases and corresponding temporal energy demands, and future research efforts could explore 
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optimization tools and strategies for allocating fleet vehicles to further minimize the vehicles 

required for individual deployments. For example, the current fleet deployment strategy is 

shared for all vehicle types where a large, single fleet of vehicles is deployed to meet an 

hourly demand. It could be possible that sending several fleets in a staggered deployment 

(i.e., one every two hours), could help prevent this large fleet of vehicles all returning to the 

SAEV-Station at once and after peak solar power generation. While such as optimization 

may be focused on reducing the number of fleet vehicles, an optimization may also be 

developed for the purpose of minimizing grid emissions by maximizing the number of 

SAEVs charging in the middle of the day. There may be a tradeoff for intrazonal trips here, 

as there is a peak of person-trips during peak solar generation. However, should the Nice-

SAEV program expand and serve more-work-based trips, the overall fleet would have some 

relative down-time between the morning and evening travel demand peaks.  

• Expand the Nice-SAEV program  

The Nice-SAEV program is a feasible example for the SAEV future, and should the 

proposed program expand into adjacent neighborhoods and beyond, a greater number of 

people would be able to use the shared vehicles. The CSTDM dataset used for this work has 

all trips under 100 miles long, would could ultimately encompass the vast majority of LDV 

trips within California. While there are truly unlimited configurations for such a shared 

deployment, expanding the program to serve inter-neighborhood trips in addition to the 

present intra-neighborhood trips would illustrate further potential for SAEVs at larger scale 

deployment. 

Such efforts to expand the Nice-SAEV program could also consider the potential effects of 

induced demand by shifting various other modes of transit into the Nice-SAEV program, 
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such as Walking, Biking, Busing, or others. Because the CSTDM is projected for 2050 and 

has the trip modes anticipated, the analysis could leverage the work of researchers who have 

already estimated the mode-shifts for communities with autonomous vehicle systems. Such 

potential research avenues would increase the VMT served by the Nice-SAEV program, and 

thus correspond to increased load on the California energy grid for which to explore further 

opportunities and challenges.  

• Explore Battery-Swap capability for BEV scenarios  

Of the many future possibilities for BEV fleets, battery swap technology may become a way 

to reduce vehicle downtime while also mitigating the battery degradation caused by fast 

charging batteries with contemporary chemistry. 

• Measure potential for Vehicle-to-Grid (V2G) charging and Smart Charging of BEV-

SAEV fleets 

V2G charging is a potential opportunity for BEVs and the local electric grid to strategize 

charging and discharging such that a BEV fleet can support the energy grid with energy 

storage and ancillary services. While not in the scope of this work, the HiGRID model is 

capable of such simulation scenarios and future studies could provide an interesting insight 

into the added value SAEV fleets could have for the California electric grid. Similarly, 

exploring the role of smart charging, which is the strategic timing and power delivery of 

electricity to BEVs, could be of interest to future researchers.  

• Translation of this work into potential socio-political impacts  

Further exploration into the potentially negative socio-political impacts of the SAEV future 

would provide a greater context for community leaders and policymakers to preemptively 

plan for unforeseen threats to livelihoods and environmental justice.  
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