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Abstract 
 
The growth of ride-hailing services and the introduction of Shared Autonomous Vehicles (SAVs) 
are set to significantly change how people travel in cities. While these services can improve 
transportation options and lower costs, they may also create major new challenges for traffic 
management and road maintenance. A key concern is the potential increase in total vehicle-miles 
traveled (VMT), as automated vehicles may drive empty between passengers and may also 
increase overall travel demand due to greater travel convenience. These new travel patterns will 
directly impact our road networks, potentially accelerating pavement wear and altering long-term 
infrastructure needs. 
 To better understand and plan for these effects on Connecticut’s road networks, this project 
develops a large-scale, agent-based traffic simulation model for the state. The research involves 
building a complete digital map of the state's transportation system using data from 
OpenStreetMap (OSM). Using the POLARIS transportation system simulation tool, the study 
models dynamic travel needs and how people choose their travel mode. This framework analyzes 
how various SAV adoption scenarios would change travel patterns, demand, mode share, and 
empty VMT. The study finds that effective SAV management reduces total VMT through trip 
consolidation, thereby enhancing infrastructure longevity. 
 The findings from this project will provide transportation agencies with vital information 
to predict future impacts on traffic and road conditions. This will help them develop effective 
strategies for managing traffic and maintaining the state's infrastructure as self-driving vehicle 
technology becomes more common.  
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Chapter 1: Introduction and Background 
 

1.1 Project Motivation 
 
The long-term performance of the U.S. transportation network relies heavily on the health and 
durability of its physical infrastructure. The arrival of new transportation technologies, particularly 
Shared Autonomous Vehicles (SAVs), introduces both significant opportunities and new 
challenges for infrastructure management. While SAVs offer potential improvements in traffic 
efficiency, lower emissions, and safety, their widespread adoption is expected to cause major 
changes in travel behavior, traffic patterns, and the overall use of the roadway network as shown 
in Figure 1.  

These changes include potential increases in total Vehicle-Miles Traveled (VMT), partly 
due to vehicles traveling empty between passenger trips. Such shifts in traffic volume and 
distribution will place new and different stresses on pavements. Without a clear understanding of 
these effects, transportation agencies face the risk of accelerated pavement wear, shortened 
infrastructure service life, and rising maintenance costs. Therefore, there is a clear and urgent need 
to develop statewide models capable of simulating different scenarios to predict these 
impacts. Accordingly, this project will focus on this matter for the state of Connecticut, developing 
a framework to equip transportation agencies with the information needed to effectively plan for 
a durable infrastructure network. 

 

 
Figure 1: The overarching goal of the shared autonomous vehicle simulation 

 

1.2 Literature Review 
 
The emergence of autonomous vehicles (AVs) represents a transformative milestone for future 
transportation systems. With rapid advancements in technology, the focus has shifted from 
technical feasibility to the timing and impact of full commercial deployment, with forecasts 
ranging from 2040 to 2060 (Litman, 2017). As adoption accelerates, it is crucial to understand the 
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multifaceted impacts of AVs, particularly SAVs, on traffic operations, environmental 
sustainability, and infrastructure durability. 

Initial research into AV adoption revealed a fundamental tension. On one hand, the 
convenience of AVs may increase overall VMT. Studies projected that by removing traditional 
barriers to driving, AVs could unlock latent travel demand, especially among non-drivers and 
seniors, potentially worsening congestion (Harper et al., 2016). On the other hand, the model of 
SAVs offers a powerful counterbalance. SAVs present an opportunity to reduce private vehicle 
ownership, decrease parking demand, and improve overall fleet utilization through dynamic 
repositioning (Fagnant and Kockelman, 2014). Furthermore, by mitigating human error—a 
primary cause of crashes—SAVs offer significant safety benefits (Islam and Kunnawee, 2008; 
Nikitas et.al., 2017). This duality frames the central challenge, harnessing the efficiency of SAVs 
to overcome the potential VMT increase from general AV adoption.  

To evaluate these complex interactions, researchers have widely adopted agent-based 
models (ABMs) as the primary analytical tool. ABMs allow for a disaggregated analysis of 
individual traveler decisions and their system-wide consequences, making them ideal for studying 
the deployment of new services like SAVs under various policy scenarios (Kickhöfer et al., 2011).  

Early ABM studies focused on foundational questions of operational viability, such as fleet 
sizing and vehicle placement. Fagnant and Kockelman (2014) established that each SAV could 
replace approximately eleven private vehicles, a significant efficiency gain, though it came with 
an 11% increase in travel distance due to empty repositioning trips. Subsequent work by Loeb and 
Kockelman (2019) in Austin, Texas, further explored the cost dynamics, highlighting that while 
larger fleets improve service quality by reducing wait times, they are subject to significant 
operational costs related to vehicle acquisition, battery replacement, and charging infrastructure.  

Building on analyses of fleet performance, research has explored the role of SAVs in 
complementing existing public transportation, particularly in solving the "first- and last-mile" 
problem. SAVs can act as flexible, on-demand feeders to major transit hubs, reducing walking 
distances and optimizing resource use. For instance, Shen et al. (2018) demonstrated in Singapore 
that integrating SAVs with ridesharing enhanced transit efficiency, though they cautioned that a 
complete replacement of buses with SAVs worsened system performance, suggesting a hybrid 
approach is optimal. Similarly, a study in Austin, Texas, found that SAVs could expand transit 
service areas but posed a risk of increasing VMT if low fares incentivized travelers to switch from 
public transit or active modes like walking. This highlights the need for careful policy design, such 
as strategic fare controls, to ensure SAVs support rather than cannibalize public transit 
(Gurumurthy et al., 2020).  

A critical strategy for maximizing SAV efficiency is dynamic ridesharing (DRS). Zhang 
et al. (2015) demonstrated that a DR-SAV system significantly outperforms non-ridesharing 
systems by reducing delays, lowering trip costs by over 60%, and decreasing VMT by nearly 5%. 
Their findings also pointed to major co-benefits, with each DR-SAV replacing fourteen private 
vehicles and reducing parking demand by 90%.  

Subsequent research reinforced these benefits across different urban contexts. In New York 
City, shared autonomous taxis were shown to reduce required fleet sizes by 59%, triple the average 
vehicle occupancy, and cut travel distances by 55% (Lokhandwala et al., 2018). In Austin, a shared 
fleet was found to serve 30% of daily trips, with road pricing being an effective tool to mitigate 
the associated 4.5% VMT increase (Gurumurthy et al., 2019). Further refinement of the DRS 
model has focused on physical infrastructure, with research by Gurumurthy and Kockelman (2022) 
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using the POLARIS framework (Argonne National Laboratory, 2025) to show that strategically 
placed pick-up and drop-off (PUDO) zones can improve vehicle occupancy and reduce SAV-
induced VMT by up to 39%.  

The operational efficiency of SAVs is intrinsically linked to their economic feasibility and 
pricing strategies. Chen et al. (2016) found that shared autonomous electric vehicles (SAEVs) 
could replace 3.7 to 6.8 private vehicles at an operational cost of $0.41 to $0.49 per mile, with 
performance heavily dependent on battery range and charging infrastructure. Fare structures 
directly influence user adoption and travel patterns. A study by Liu et al. (2017) revealed that lower 
fares ($0.50/mile) could lead to a 43.3% adoption rate, while higher fares ($1.25/mile) dropped 
adoption to 7.0%, primarily for shorter urban trips. Critically, while higher fares improved 
operational efficiency, they also increased the share of empty vehicle miles. To manage the traffic 
impacts from widespread SAV adoption, policies like congestion pricing have been evaluated. 
Simoni et al. (2019) showed that such strategies can improve travel efficiency but may impose 
financial burdens on lower-income travelers, highlighting the need for efficient policy design.  

While the previously mentioned factors like ridesharing and pricing influence traffic 
patterns, the ultimate impact of SAVs on total VMT remains a central and contested topic in the 
literature (Fakhrmoosavi et al., 2022, 2023, 2024a,b; Kamjoo et al., 2024). Findings vary 
significantly depending on the study area, operational model, and market penetration. Some studies 
project a definitive increase in VMT. For example, an early study in Austin found an 8% increase 
in vehicle kilometers traveled (VKT) at just 1.3% market penetration, driven by empty 
repositioning trips (Fagnant et al., 2015). In Chicago, an 80% increase in road capacity from 
connected AVs was predicted to induce a 4% rise in VKT (Auld et al., 2017). Similarly, studies in 
Melbourne and Singapore projected VKT increases ranging from 17% to as high as 77% in car-
sharing scenarios, often accompanied by a decline in public transit use (Javanshour et al., 2019; 
Oh et al., 2020).  

However, other research indicates that under the right conditions, SAVs can reduce VMT. 
In Stuttgart, a study found that SAVs could lead to a 20% decrease in VKT due to efficient trip 
pooling (Heilig et al., 2017). Likewise, a simulation in the Minneapolis–Saint Paul region reported 
a 17% reduction in VMT with dynamic ridesharing (Yan et al., 2020). Other studies focus on the 
profound impact on fleet size, with analyses in Singapore and Melbourne suggesting that SAV 
systems could meet travel demand with fleet reductions of 43% to 88%, freeing up vast amounts 
of urban space previously used for parking, even if these systems still led to a 10-29% VKT 
increase (Spieser et al., 2014; Dia and Javanshour, 2017). This conflict highlights that the net effect 
on VMT is not guaranteed and depends heavily on policy and operational strategy.  

The effectiveness of an SAV system also depends on which travelers it attracts and which 
modes of transport it replaces. Simulations in Austin suggest SAEVs could achieve a mode share 
of 14% to 39%, heavily influenced by pricing (Chen and Kockelman, 2016). In Tokyo, commuters 
traveling 2–8 km by train or bicycle were identified as likely adopters (Ishibashi and Akiyama, 
2022). However, a critical concern is that SAVs may divert users from sustainable modes. A study 
in Braunschweig, Germany, a city with a compact layout and strong public transit, found that 
SAVs had minimal impact on the overall modal split, primarily replacing bicycle trips rather than 
car trips (Cyganski et al., 2018).  

Despite the debate over VMT, studies consistently show that well-managed SAV systems 
offer clear environmental benefits, primarily through ridesharing and fleet electrification. Liu et 
al. (2018) found that ridesharing strategies could reduce fleet size by up to 27% and lower CO₂ 
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emissions by up to 19%. A similar study modeling New York City taxi found that dynamic 
ridesharing with SAVs could reduce carbon emissions by 866 metric tons daily, alongside 
significant reductions in fleet size and travel distances (Lokhandwala and Cai, 2018).  

The reviewed literature provides a robust consensus that SAVs will alter traffic operations, 
though the net effect on VMT remains contested. The existing research has largely focused on the 
network-level effects, and a clear and critical research gap exists in quantitatively connecting these 
predicted changes in traffic patterns directly to their long-term consequences for infrastructure 
durability. This project addresses that specific gap by creating an integrated simulation framework 
to bridge the analysis of traffic operations with the assessment of infrastructure durability. 
 

1.3 Research, Objectives, and Tasks 
 
The goal of this research project is to develop and implement an agent-based modeling and traffic 
simulation framework to analyze the impacts of SAVs on traffic operations and infrastructure 
durability in the state of Connecticut. By simulating various scenarios and conducting a sensitivity 
analysis between fleet size and pricing of SAVs, this study aims to provide valuable insights into 
changes in travel patterns and network performance. The primary objectives of this project are: 
 

1. To develop a comprehensive, large-scale transportation network for the state of 
Connecticut suitable for dynamic traffic simulation. 

2. To use local demographic, census, and mobility data to synthesize a realistic population of 
agents to accurately reflect current travel behaviors. 

3. To simulate the deployment of SAVs under various operational scenarios to quantify their 
effects on traffic operations, including changes in VMT, empty-VMT, and travel times. 

4. To evaluate the impacts of altered traffic loads on infrastructure durability. 
 

To achieve these objectives, the project was structured into the following key tasks: (1) A 
comprehensive literature review to identify existing models and research gaps; (2) The 
construction and validation of a Connecticut-wide transportation network using OpenStreetMap 
(OSM) and Connecticut Department of Transportation (CTDOT) data; (3) Mode choice analysis 
in the presence of SAVs; (4) The execution of SAV simulations under different operational 
scenarios; and (5) The analysis and documentation of findings. 
 

1.4 Report Overview 
 
This report details the methodology, results, and conclusions of the project. Chapter 2 describes 
the research methodology, including the data sources utilized, the process of building the 
transportation network, and the framework for the simulation. Chapter 3 presents a summary of 
data processing, network construction, and scenario analyses. Finally, Chapter 4 summarizes the 
key findings of the study and offers conclusions and recommendations for transportation agencies. 
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Chapter 2: Methodology 
 

2.1 Data Collection and Preparation 
 
Developing a high-fidelity, large-scale traffic simulation model required the collection, 
integration, and preparation of multiple datasets. The following primary data sources were utilized 
to construct the model inputs: 
 

 OpenStreetMap: Publicly available data from OSM served as the foundational layer for the 
Connecticut transportation network, providing essential information on road links, 
intersections (nodes), and points of interest (POIs). 

 CTDOT: Official statewide datasets were acquired through collaboration with the CTDOT 
demand modeling team. These authoritative sources included the detailed highway 
network, Traffic Analysis Zones (TAZ) boundaries, and traffic counts. 

 U.S. Census Bureau: Demographic and socioeconomic data were accessed via API to 
create a detailed and realistic zoning system based on census tracts, which is essential for 
synthesizing the agent population and modeling travel demand. 

 National Renewable Energy Laboratory (NREL): Data on electric vehicle (EV) charging 
station locations were obtained through an API key to incorporate this critical infrastructure 
into the network, particularly for modeling electrified SAVs. 

 General Transit Feed Specification (GTFS): Where available, transit routes and schedules 
were acquired from GTFS feeds to model public transportation services within the network. 
 

A significant effort was dedicated to data preparation. This involved extracting relevant 
features, cleaning and validating datasets for consistency, and converting them from various 
formats (e.g., shapefiles, CSV, GeoJSON) into a unified SQLite database compatible with the 
POLARIS simulation framework as shown in a few samples in Figures 2 to 5. 

 
Figure 2: Map of Traffic Analysis Zones (TAZs) and their corresponding centroids (green 
dots) within the study area. Data sourced from the CTDOT. 
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Figure 3: A sample of the attribute data for Traffic Analysis Zones (TAZs), highlighting key 
information such as TAZ ID, population, and area. Data from CTDOT. 

 
Figure 4: Data table illustrating the geographic relationship between towns, sub-counties, 
and counties obtained from CTDOT. 
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Figure 5: A sample of the road network data extracted from OpenStreetMap (OSM), 
showing attributes such as number of lanes and speed limits. 

2.2 Transportation Network Development 
 
As explained in section 2.1, construction of a robust digital transportation network for the state of 
Connecticut was a multi-stage process designed to ensure accuracy, completeness, and simulation 
readiness. In order to build the network, the following steps were taken: 

1. Baseline Network Construction: The initial network was created from OpenStreetMap road 
data to provide a comprehensive baseline of links and nodes. This baseline was then 
enriched with additional data layers, including a zoning system derived from U.S. Census 
data, parking facilities, and EV charging station locations. 

2. Integration of Authoritative Data: The baseline network was augmented and cross-
validated with the official highway network and Traffic Analysis Zone (TAZ) data from 
CTDOT. This step ensured the accuracy of local road classifications, speed limits, and 
administrative boundaries. 

3. Network Refinement and Validation: Topological integrity was ensured by checking the 
combined network for connectivity issues using QGIS. This validation process involved 
identifying and correcting isolated road segments "islands" to guarantee full network 
connectivity and prevent routing failures during simulation. Furthermore, external 
locations were established to model trips entering and exiting the state, ensuring proper 
handling of the model boundary. 

4. Finalization for Simulation: Once validated, the multi-layer network was imported into the 
POLARIS framework. This final step involved network simplification based on block-
groups and the integration of transit data from GTFS feeds to produce the final, 
comprehensive model of Connecticut's transportation supply. 



                

                www.tidc-utc.org 15 | P a g e  
 

2.3 Simulation Framework 
 
The core of this research utilizes an agent-based traffic simulation tool, POLARIS (Planning and 
Operations Language for Agent-based Regional Integrated Simulation). POLARIS is an advanced 
modeling suite developed by Argonne National Laboratory (Auld et al., 2014). It is specifically 
designed to simulate complex transportation systems by modeling the behavior of individual 
"agents" (e.g., travelers, vehicles) and their interactions with each other and the transportation 
network. This agent-based approach provides a powerful tool for analyzing the disaggregate 
impacts of new technologies like SAVs. 

In general, an agent-based traffic simulation, as shown in Figure 6, begins by generating a 
synthetic population that is reflective of the demographics in the study region, using data from 
sources such as the U.S. Census Bureau and the American Community Survey (Auld and 
Mohammadian, 2010). Once this population is initialized, the framework’s activity-based demand 
model generates daily activity patterns for each agent. This is a continuous process that informs 
the core models of each person’s travel plan (Auld et al., 2011). 

The simulation then proceeds through a sequence of integrated models. A zone-based 
destination choice model is followed by nested logit models for mode choice, which include SAVs 
as a potential travel option (Gurumurthy et al., 2020). After scheduling the start time and duration 
of activities, the model performs pre-trip route planning for all vehicle movements on the network. 
For SAV operations, heuristics are used to match incoming service requests to available vehicles. 
Once an SAV is assigned, it follows the optimal route to pick up the traveler and proceeds to the 
destination. After drop-off, the SAV becomes idle and awaits the next request. This detailed step-
by-step modeling of individual decisions and vehicle movements allows for a highly realistic 
simulation of the entire transportation system over a 24-hour period. 
 

 
Figure 6: Transportation Systems Simulator Design Overviews (Kockelman et al., 2022). 
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Chapter 3: Results and Discussion 
 

3.1 Final Transportation Supply Database 
 

The primary outcome of the data preparation process is a single, unified SQLite database. This file 
functions as the complete transportation supply input, formatted for direct compatibility with the 
POLARIS simulation framework. The database contains the finalized, multi-layered transportation 
network, which integrates road data from OpenStreetMap with authoritative highway and Traffic 
Analysis Zone (TAZ) data from CTDOT. The network is topologically validated to ensure full 
connectivity, providing a robust infrastructural basis for all simulations. In addition to the network 
geometry, the database consolidates all supporting datasets required for the model, including link 
attributes (e.g., speed, capacity), demographic information, and public transit routes, into a single, 
structured source (Figures 7-14). 
 
 

 

Figure 7: The data structure of the 'Locations' table within the project's SQLite database, 
detailing key point-of-interest attributes. 
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Figure 8: A view of the consolidated 'Zone' data table, integrating TAZ attributes for 
network analysis within the SQLite database. 

 

Figure 9: The 'Nodes' table from the SQLite database, representing the intersections and 
endpoints with their control type. 
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Figure 10: Attribute structure of the 'Links' table, representing the transportation network's 
road segments. Key fields include length, area type, number of lanes, and free-flow speed, 
with the latter formatted in meters per second (m/s). 

 
Figure 11: The refined delineation of Traffic Analysis Zones (TAZs) within the study area 
following data processing and simplification. 
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Figure 12: Spatial distribution of public transit routes and stop locations overlaid on the 
finalized TAZ geography. 

 

 
Figure 13: Distribution of links overlaid on Zone layer. 
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Figure 14: Geographic distribution of Points of Interest (POIs) across the study area's Zones. 

3.2 SAV Simulation and Scenario Analysis 
 
To establish a benchmark for comparison, a scenario was simulated without any SAV service. This 
allows for a clear analysis of how engaging SAVs affects total VMT, a key indicator of impact on 
the transportation infrastructure. Against this benchmark, three distinct SAV operational scenarios 
were then simulated across five different fleet sizes: 500, 1,000, 2,000, 5,000, and 10,000 vehicles. 
These scenarios, detailed in Section 3.2.1, were designed to explore how different strategies for 
service quality and pricing impact a wide range of system performance metrics. The three SAV 
scenarios are the Base scenario, a time-based scenario with stricter service timing, and a price-
based scenario with higher fares. The results of this analysis are presented in Section 3.2.2. 

To ensure manageable simulation times across the many scenarios and fleet sizes tested, 
all simulations were conducted within the geofence area shown in Figure 15. This area spans 72 
zones where DRS was enabled. This setup, which includes a population of approximately 350,000 
people, was designed to reflect realistic conditions. The selected zones cover a diverse mix of 
urban, suburban, and rural land uses. This variety provides a comprehensive and practical 
environment to analyze how SAVs would operate under real-world conditions. 
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Figure 15: Geofenced area covering 72 zones for the Dynamic Ride Sharing (DRS). 

3.2.1 Scenario Definitions 
 
The specific parameters for each scenario are defined to isolate the effects of time constraints and 
cost on system performance and user adoption. The Base scenario represents a standard operational 
model. The time-based scenario halves the allowable wait and delay times, and the price-based 
scenario doubles all cost components, testing demand elasticity. The parameters for each are 
detailed in Table 1. 
 
Table 1: Scenario parameters for geofenced area 

Parameter 
Without - 

SAV 
Base 

Scenario 
Time-Based 

Scenario 
Price-Based 

Scenario 
SAV Max Wait Time 

(minutes) 
- 20 10 20 

DRS Max Allowable Delay 
(minutes) 

- 20 10 20 

DRS Max Percentage 
Delay (minutes) 

- 20 10 20 

Rideshare Cost Per Mile ($) - 0.75 0.75 1.5 

Rideshare Cost Per Minute ($) - 0.15 0.15 0.3 

Rideshare Base Fare ($) - 2 2 4 
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3.2.2 Simulation Results and Analysis 
 
The simulation results highlight key trade-offs among fleet size, service quality, pricing, and 
operational efficiency. As more cars are added to the fleet, certain aspects of service quality 
improve, such as dramatically shorter wait times (Figure 16). However, this expansion comes at a 
steep cost to efficiency. With more vehicles competing for riders, each car completes far fewer 
trips per day as shown in Figure 17, leading to longer idle times. These findings demonstrate a 
clear pattern of diminishing returns, suggesting that simply expanding the fleet is not an effective 
strategy beyond an optimal point. 
 

 
Figure 16: The effect of fleet size on average wait time. 
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Figure 17: Vehicle productivity (trips per vehicle) across different fleet sizes. 

The three scenarios tested reveal a classic conflict between profitability and keeping customers 
happy. The higher fares in the price-based scenario were likely intended to boost income. 
However, this improvement came at the cost of customer loss. For instance, with a fleet of 5,000 
vehicles, the SAV market share declined from 7.32% in the Base scenario to 6.65%, accompanied 
by a reduction in demand of almost 600 rides. While this drop seems small, it shows that higher 
prices made the service less attractive as shown in Figures 18 and 19. 

On the other hand, the time-based scenario—designed to speed up service—successfully 
reduced pickup delay (the time for a dispatched vehicle to arrive) to the lowest levels of any 
scenario in Figure 20. However, it also produced the lowest overall demand. A key factor behind 
this is Connecticut’s land use pattern. Unlike dense urban centers, points of interest across the state 
are widely dispersed. As shown in the QGIS data in section 3.1 for POIs, SAVs often cannot 
efficiently reach these scattered locations. This, combined with the lowest acceptance rate among 
all scenarios, as shown in Figure 21, indicates that the geographic context is a critical factor in 
SAV viability. Consequently, the mode share for SAVs in this scenario peaked at only 3%, 
highlighting their limited appeal in this specific operational model. 
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Figure 18:Comparison of total demand met by fleet size and scenario. 

 
Figure 19:The impact of fleet size on SAV mode share. 
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Figure 20:The effect of fleet size on average pickup time. 

 
Figure 21:The percentage of demand met across all scenarios. 
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The simulation results carry important implications for city infrastructure. A critical 
component of VMT is empty VMT (eVMT), which represents miles driven without passengers. It 
is important to distinguish between the absolute number of empty miles in Figure 22 and the share 
of empty miles as a percentage of total travel shown in Figure 23, which is a better measure of 
inefficiency. The time-based scenario yielded the lowest absolute eVMT. However, given its very 
low demand, largely resulting from difficulties in reaching certain locations, this case is not 
considered desirable. Consequently, when comparing the Base condition with the price-based 
scenario, the latter demonstrates lower efficiency, as a larger share of its vehicle miles are traveled 
without passengers. 

The simulation results reveal that SAVs offer a significant and direct benefit to 
infrastructure durability through the proven mechanism of trip consolidation. As shown in Figure 
24, the average vehicle occupancy (AVO) consistently exceeds one, confirming that the system 
successfully replaces single-occupancy vehicles (SOVs) with shared rides. This consolidation is 
the primary way SAVs reduce the total number of vehicles on the road, which in turn eases road 
wear, mitigates congestion, and ultimately lowers long-term maintenance needs. This benefit to 
infrastructure is further amplified by a direct reduction in total VMT. As shown in Figure 25, 
deploying an SAV fleet significantly lowers the network's total VMT compared to the base 
condition where no SAVs are active. This finding provides a powerful second mechanism, 
alongside trip consolidation, for enhancing infrastructure durability. The simulation shows that 
this reduction can be substantial, with a fleet of 5,000 vehicles achieving a 2.23% decrease in total 
VMT. Ultimately, this demonstrates that a well-deployed SAV system not only reduces the number 
of cars on the road but also lessens their total travel distance, directly translating to less wear and 
tear and improved longevity for road infrastructure. 

Finally, the data strongly points to an optimal configuration for maximizing system 
effectiveness. The base scenario with a fleet of 5,000 vehicles emerges as the most balanced 
approach. At this level, demand and mode share reach their peak (Figures 18 and 19) before the 
system suffers from significant diminishing returns in operational efficiency. While larger fleets 
offer marginal improvements in wait times, the sharp drop in vehicle productivity suggests that 
expanding the fleet beyond this point becomes counterproductive. Therefore, this configuration 
represents the sweet spot between serving the maximum number of travelers and maintaining a 
sustainable and efficient operation. Additional details on system performance, such as average trip 
time (Figure 26) and average trip distance (Figure 27), provide further context for these findings. 
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Figure 22:Share of empty vehicle miles traveled as a function of fleet size. 

 
Figure 23: The share of empty vehicle miles traveled. 
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Figure 24:Scenario analysis of average vehicle occupancy per revenue mile. 

 
Figure 25:Total miles traveled in all modes during simulation. 

 



                

                www.tidc-utc.org 29 | P a g e  
 

 
Figure 26:The effect of fleet size and scenario on average trip time. 

 

 
Figure 27:Analysis of average trip distance as a function of fleet size. 
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To quantify the impact of this 2.23% VMT reduction, established infrastructure performance 
models offer a direct method for translating lower traffic volumes into extended asset life. The 
effect is particularly pronounced for surface assets like pavement markings, where traffic exposure 
is a primary driver of degradation. We applied the 2.23% VMT reduction to the service life models 
developed by Lertworawanich & Karoonsoontawong (2012), which are based on the following 
equations: 
 

 White Shoulder Line: 

Average Service Life (months) =  
ହ.ଵହଶ × ௘(ల.భఱయరషబ.బబబమయఴ×ಲಲವ೅ ೛೐ೝ ಽೌ೙೐)

ଷ଴
     (1) 

 
 White Lane-Separating Line: 

Average Service Life (months) =  
଺.ଵ଺ଽ × ௘(ఱ.ఴరమషబ.బబబమమవఱభ×ಲಲವ೅ ೛೐ೝ ಽೌ೙೐)

ଷ଴
     (2) 

 
Given that VMT is a direct function of AADT and the simulation utilizes a static road 

network, we assume that the 2.23% VMT reduction corresponds to a comparable average reduction 
in AADT. On a road segment with an AADT of approximately 5,100 vehicles per lane—a value 
noted by Lertworawanich & Karoonsoontawong (2012) as the threshold below which markings 
tend to meet their 24-month service life specification —this reduction in traffic would extend the 
average functional life of white shoulder markings by an estimated 2.7%. Similarly, on a segment 
with 4,715 vehicles per lane (the corresponding threshold for lane-separating lines), the VMT 
reduction extends the life of white lane-separating markings by an estimated 2.6%. This principle 
is supported by other models, such as the one by Sitzabee et al. (2009), which found that every 
1,000-vehicle increase in AADT reduces a thermoplastic marking's retroreflectivity by an 
additional 1.1 mcd/m²/lx. 

The benefits of lower traffic extend beyond markings to the pavement structure itself. 
Studies such as Rahman et al. (2017) confirm that AADT is a statistically significant (p < 0.001) 
factor in increasing the International Roughness Index (IRI), a key measure of road deterioration. 
Their regression model for asphalt concrete pavements quantifies this by assigning a coefficient 
of +14.686 to the logଵ଴ AADT variable. This number provides a mathematical link showing that as 
traffic volume increases, road roughness gets quantifiably worse, leading to a decline in ride 
quality. These models show that the VMT reduction achieved in the simulation directly 
corresponds to slower infrastructure wear, leading to reduced maintenance frequency and long-
term cost savings. 

 

Chapter 4: Conclusions and Future Directions 
 
This study evaluated the impacts of SAVs on traffic operations and infrastructure durability in 
Connecticut. The simulation results of a geofence area around Hartford, CT confirm that SAVs 
have the potential to be beneficial for infrastructure, but their effectiveness is also dependent on 
strategic implementation. The key conclusions are as follows: 
 

1. Trip Consolidation and VMT Reduction Directly Link to Improved Infrastructure 
Durability: This study demonstrates that SAVs can improve infrastructure through two 
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primary mechanisms: trip consolidation and net VMT reduction. The simulation's finding 
of a consistent AVO greater than one confirms that SAVs replace multiple single-
occupancy vehicles, thereby reducing the total number of vehicles passing on the network. 
This reduction is critical, as foundational pavement engineering principles identify traffic 
repetitions as a primary driver of structural deterioration (Huang, 2004). This principle is 
corroborated by empirical models showing that Annual Average Daily Traffic (AADT) is 
a statistically significant factor in declining road ride quality (Rahman et al., 2017). Since 
total VMT is a function of AADT across the network, this finding links overall vehicle 
usage to infrastructure wear. Furthermore, multiple studies confirm that AADT is the most 
significant cause of degradation for surface assets like pavement markings, directly 
shortening their service life (Lertworawanich & Karoonsoontawong, 2012; Sitzabee et al., 
2009). 

2. Strategic Deployment is Key to Maximizing VMT Reduction: The simulation revealed that 
deploying SAVs leads to a net reduction in total VMT, with a fleet of 5,000 vehicles 
achieving a 2.23% decrease. This positive outcome demonstrates that SAVs can lessen the 
overall burden on roadways. However, the magnitude of this benefit is highly sensitive to 
operational strategy. To maximize this VMT reduction, policy focused on targeted service 
areas and competitive pricing will be critical to ensuring SAVs primarily replace less-
efficient SOV trips, rather than competing with zero-VMT modes like walking. 

3. An Optimal Fleet Configuration Exists: The principle that "more is better" does not apply 
to SAV deployment. The analysis identified an optimal balance between service quality 
and operational efficiency, with the Base scenario using a fleet of 5,000 vehicles emerging 
as the most effective configuration. This setup maximized demand and mode share before 
the system was hampered by the significant diminishing returns on efficiency seen with 
larger fleets. Within the selected geofence area, this configuration equates to a fleet density 
of 1 SAV per 70 people. 
 
A key limitation of this study is its reliance on a nested-logit mode choice model developed 

by Gurumurthy et al. (2020) for the Chicago network. While this model provided a robust 
foundation, a crucial next step is to calibrate it using local Connecticut datasets. A locally 
calibrated model would better reflect the unique travel behaviors of Connecticut residents, refining 
the optimal fleet size and the precise impact of policies. Building on this, the study's findings 
suggest that for SAVs to be beneficial, they must be implemented strategically. State policy should 
encourage SAVs to function as first-mile/last-mile connectors to transit hubs, complementing 
public transit rather than competing with it. A phased, data-driven deployment, starting with a 
smaller fleet, would allow for continuous monitoring and adjustment, ensuring operational models 
are sophisticated enough to handle Connecticut’s dispersed land use effectively. 
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