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Adaptive Cruise Control (ACC) vehicles have a longer reaction time, and the on-board 

sensors have a limited detection range that adversely affects the freeway bottleneck 

capacity. These limitations can cause small speed fluctuations into larger stop-and-go 

waves at typical freeway bottlenecks. Microsimulation results revealed that flow instability 

increases with the increase in ACC market penetration for a single lane freeway. The ACC 

car following model was developed for higher speed ranges only; thus, it could not capture 

rapid deceleration to lower speeds, let alone complete stops. The algorithm applies 

collision avoidance and brake relatively late in those instances, which leads to vehicles 

clustered closer together when at complete stops (or lower speeds). Therefore, the jam 

density increases with ACC market penetration. Simulation results also represented that no 

change in capacity was observed with the introduction of ACC vehicles on a freeway 

without diverging off-ramp and merging on-ramp demand compared to manually driven 

vehicles. The result is owed to the fact that lane changes and disturbances are not prominent 
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without merging and diverging sections. However, the situation aggravates more for ACC 

vehicles when there is diverging off-ramp demand and merging on-ramp demand. The 

effect becomes severe with the increase of ACC market penetration. The field experiments 

for the fundamental characteristics of traffic flow showed that maximum capacity can be 

achieved when all the vehicles are operating in ACC mode. However, that maximum flow 

is unstable, and a minor speed variation can cause severe capacity drop. The jam density is 

also more in all ACC scenario that might result in rapid queue propagation as the wave 

speed is larger compared to the mixed driving scenario.
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1. INTRODUCTION  

1.1. Background 

Traffic congestion has become a widespread phenomenon in metropolitan areas, 

which costs billions of dollars every year. According to INRIX, each driver's average cost 

is $1377 because of tailbacks in 2019, with a total cost of $88 billion. New York, Los 

Angeles, and Chicago suffered the most out of all the cities in the U.S. in terms of economic 

losses. However, Boston topped the list while considering hours lost in traffic (149 per 

year), followed by Chicago (145 per year) and Philadelphia (142 per year) (McCarthy, 

2020). 

Building new infrastructures and expanding the existing ones have been common 

practices over the years. These plans are often triggered by the notion that existing 

infrastructures cannot support traffic demand. It is believed that infrastructure results in 

economic growth and can mitigate the congestion to a great extent. Such an approach is 

costly, and the interstate highway network's expense about doubled from 1984 to 2008. 

Also, building new highways has grown considerably further costly (Duranton et al., 2020). 

It is also very challenging to maintain these infrastructures safely and efficiently. 

These deteriorating traffic conditions need immediate and urgent corrective measures. 

While building new infrastructures and retrofitting the existing ones could be a solution, 

implementing Intelligent Transportation Systems (ITS) technology has been widely 
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regarded and accepted as a less expensive alternative to increase the existing 

infrastructures' efficiency. 

Intelligent Transportation Systems (ITS) is a broader area of control and 

information systems, where integrated communication and data processing technologies 

are used to improve people and goods' mobility, increase safety, and alleviate traffic 

congestion. ITS can address common Transport problems as it is not a rigid approach. It 

focuses on information usage, optimization, and system adaptability. A more traditional 

method of building new road infrastructures can be substituted by ITS to meet the future 

travel demand and in places where the common approaches might not be feasible. 

Various ITS tools like sensing, communication, and computing technologies are 

employed in a connected way to improve the efficiency, safety, and performance of traffic 

operations during severe disruptions. The benefits of implementing ITS are listed below:  

1. Alleviate traffic congestion.  

2. Immediately identify incidents and react to them. 

3. Capable of lessening air pollution by reducing travel delay. 

4. Provide warning before would-be crashes that enhance safety.  

ITS applications are designed in a way so that the capacity of the road network is 

properly utilized. It also focuses on the effective and efficient operation of the roadway in 

terms of mobility and safety. Auto manufacturers have been incorporating advanced 

vehicle control technologies to improve safety, fuel efficiency, and drivers' comforts over 

the years. This advanced and innovative technology is termed as Advanced Driver 

Assistance Systems (ADAS). Various features like radars, cameras, and lasers are used in 
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modern vehicles, which can potentially help drivers detect obstacles, warn about collisions, 

and inform about lane departure. As a result, they positively affect safety and traffic 

management by assisting drivers in maintaining a safe distance, driving within the lane, 

and avoiding risky lane changes. Further benefits can be derived if vehicles communicate 

with each other (V2V communication) or with the road infrastructures (V2I 

communication). These two are referred to as V2X communications, where vehicles, road 

infrastructures, traffic signals are connected. Traffic control will be optimized, and 

potential accidents will be prevented because of data sharing and communications. 

Vehicles are enabled to send and receive data, which provides the drivers adequate 

information about the surroundings, even of areas out of sight (Chowdhury & Sadek, 

2003). 

1.2. Adaptive Cruise Control 

Adaptive cruise control has the edge over traditional non-adaptive systems by 

maintaining the desired speed on the highway. This feature reduces the strain of long trips 

as someone does not need to think about the gas pedal. Also, this innovation has taken 

convenience to another level that enables the drivers to set the desired speed and following 

distance from the vehicle ahead of it. If a driver comes across a slow-moving vehicle in 

front of him/her, the adaptive system will automatically slow down to keep the pre-set gap, 

and once the vehicle goes out of the way, the car will accelerate back to the original set 

speed (Ogbac, 2020). 
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Figure 1-1. ACC Features in Level 1 Equipped Vehicle 

 

1.3. Classification of Adaptive Cruise Control 

Based on the level of automation, National Highway Traffic Safety Administration 

(NHTSA) has stated a classification that marks them on a scale of 0-5: (NHTSA, 2016) 

Level 0: No automation- the driver is solely responsible for the vehicle control. 

Level 1: The driver is primarily responsible for safe operation, but some features 

are designed like Adaptive cruise control to assist the driver. 

Level 2: An advanced driver assistance system (ADAS) enables the vehicles to 

steer and brake/accelerate simultaneously. However, the driver needs to pay attention. 
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Level 3: An automated driving system (ADS) allows the vehicle to drive itself 

under certain circumstances. However, when the ADS requests the driver to take control, 

he/she needs to do so in those circumstances. 

Level 4: An automated driving system (ADS) empowers the vehicle to drive itself 

under certain circumstances. In those cases, the driver needs not pay any attention. 

Level 5: The vehicle can do the driving itself in all the circumstances. The human 

occupants need not do anything. 

1.3.1. Limitations of Adaptive Cruise Control 

Many of today’s mainstream vehicles that are sold are equipped with full-speed 

range adaptive cruise control (ACC) that allows a vehicle to operate in interruptive flow 

facilities like signalized intersections where the speeds are lower than the highways and 

the vehicles must stop for traffic signals. Nevertheless, vehicles have a start-up lost time, 

which may be increased due to the longer reaction time of ACC vehicles, and as a result, 

the saturation flow and capacity might be reduced in comparison to human drivers. ACC 

vehicles, therefore, might increase the congestion, and the effect is more evident in stop-

and-go situations like signalized intersections and freeway bottlenecks. 

On-board sensor-based data are used in first-generation automated vehicles to 

adjust the vehicle speed and maintain a safe following distance. The driver determines the 

gap based on his/her preference (Liu et al., 2018). However, the onboard sensors have a 

limited detection range and possess latency. This prevents the vehicle from judging beyond 

the immediately preceding one. Traffic conditions beyond that remain unknown, and so, 

this factor can result in stop-and-go waves. As a result, minor speed fluctuations can be 
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observed, causing instability in the traffic stream, potentially leading to capacity reduction. 

Drivers might opt for larger gaps because of these stop-and-go waves, and, subsequently, 

further reduction in capacity might be observed. This event can be more evident in freeway 

bottlenecks, where a lot of lane changes and fluctuation of speeds are seen due to merging 

and diverging traffic. As more and more people are adopting ACC vehicles these days, we 

must assess ACC vehicles' impact on roads accurately (Lapardhaja et al., 2020). 

1.4. Thesis Objectives 

It is already known that automated vehicles are coming to mainstream cars. But we 

also must think about how they affect traffic flow. It is obvious that the cars we buy today 

can partially drive themselves and they will drive very differently from humans. An ACC 

vehicle may accelerate and decelerate at different rates, and they may keep shorter or longer 

gaps with other vehicles. Today's cars will certainly affect traffic management. As 

consumers replace their older cars with today's new cars with automated driving 

technologies, it will be increasingly more important to understand how automated vehicles 

behave and how they will change the way we manage traffic in the coming years.  

This thesis is intended to assess the impact of the increasing adoption of automated 

vehicles on freeways. The study aims to develop an experimental method to describe the 

traffic flow characteristics of ACC on freeways and investigate new traffic control 

strategies. Empirical methods are developed to understand ACC vehicles' fundamental 

characteristics on freeways with a mix of human drivers. The goal of the study will be 

achieved via data collection with experimental vehicles, data-based modelling, and 

simulation to understand how the increasing adoption of automated vehicles will impact 

the operation of freeways. The main objectives are listed below:  
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1. Analyze the impact of full-speed range ACC vehicles on freeway bottleneck 

congestions via microscopic simulation. 

2. Evaluate the fundamental characteristics of automated vehicles in free flow and 

congested conditions for different levels of ACC penetration via microscopic 

simulation. 

3. A field experiment to demonstrate the fundamental characteristics of automated 

vehicles in free flow and congested conditions. 

1.5. Thesis Organization 

The thesis is arranged in five chapters as follows: 

1. Introduction 

2. Literature Review 

3. Methodology 

4. Results and Discussions 

5. Conclusions and Recommendations 

The introduction part describes the background, provides an overview of the topic, 

and lists the objectives of the study. The following chapter outlines the recent studies that 

have been conducted in the field of interest. A comprehensive description of the 

recommended modeling framework is illustrated in the methodology chapter. The results 

and discussions are presented in the fourth chapter, and the conclusions and 

recommendations for future studies are described in the final chapter.   
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2. LITERATURE REVIEW  

2.1. Overview 

A significant amount of works has been done to quantify and evaluate automated 

vehicles' impact in both connected and unconnected environments. Special consideration 

has been given to identifying Cooperative Adaptive Cruise Control vehicles' impact, where 

Vehicle-to-Vehicle (V2V) communications are utilized to allow strings of multiple 

vehicles with short headways (Liu et al., 2018). V2V communication enables the vehicle 

to remain aware of the surrounding vehicles via exchanging information. Hence, this 

allows the subject vehicle to respond at the same time as the multiple preceding vehicles. 

As a result, the subject vehicle can decrease or increase speed simultaneously. This 

technology enables to vehicles the maintain shorter gaps. As a result, both the capacity and 

safety of the system get better.  

Vander Werf et. al. proposed a Monte Carlo simulation-based approach to simulate 

a 16-km section of single-lane highway with on- and off-ramps to evaluate the behavior of 

ACC vehicles in a mixed environment with human drivers. The mean desired gap setting 

for ACC vehicles was set 1.4 s compared to the gap setting of 1.1 s of manual vehicles. It 

was found that flow was improved for 20% and 40% market penetration of ACC. However, 

the flow got reduced for higher market penetration. One of the drawbacks of the approach 

was that a calibrated and validated car-following model was not used (Vander Werf et al., 

2002). 
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Recently the impact of production ACC vehicles on uninterrupted flow facilities 

was analyzed by investigating four different car-following models: The Autonomous 

Adaptive Cruise Control (AACC) model, Intelligent Driver Model (IDM), California 

Partners for Advanced Transit and Highways (PATH) empirical ACC model, and the 

Technical University of Delft empirical ACC model. Simulation software Vissim was used 

to simulate the real-world scenario. The results showed that low market penetration of ACC 

(<25%) is beneficial to roadway capacity, whereas high market penetration (>75%) has a 

deteriorating impact on the capacity. The study was conducted by creating a four-lane 

freeway facility and a three-lane interrupted flow facility with random bottleneck 

generation. The limitation of the study was that it did not create realistic bottlenecks based 

on merging and diverging traffic (James et al., 2018). 

Another study was conducted to identify whether drivers prefer ACC gap setting 

(1.1, 1.6, and 2.2 s) or a prototype CACC gap setting (0.6, 0.7, 0.9, and 1.1 s). It was found 

that drivers tend to feel more comfortable with CACC gap settings. They felt that ACC 

gap-settings make them feel like they would drive with the same gap in light to moderate 

traffic conditions. On the other hand, they would drive manually with the same gap-setting 

in congested traffic conditions as they kept the gap while driving in CACC (Nowakowski 

et al., 2010). 

A microscopic simulation-based experiment was performed to estimate the effect 

of ACC and CACC vehicles on roadway capacity. The results showed that ACC vehicles 

are unlikely to have any significant changes as the drivers opt for the same gap-setting that 

they would consider while driving manually. On the other hand, the CACC setting can 

increase the capacity significantly with higher market penetrations. This improvement can 
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be accelerated if the non-ACC vehicles are equipped with vehicle awareness devices to 

serve as the lead vehicle for the CACC platoons (Shladover et al., 2012). 

There was an investigation on the effect of low-level automated vehicles in a 

freeway merge section. The findings showed that no significant effect on traffic flow was 

noticed for a low on-ramp flow. However, a deleterious effect was observed for higher on-

ramp flows. Moreover, more lane changes were observed for higher on-ramp flows as the 

manual drivers were forced. For a low on-ramp flow, fewer lane changes were made that 

had a positive effect (Calvert et al.,2017). 

Talebpour and Mahmassani conducted an analytical and micro-simulation-based 

experiment and revealed that scatter in fundamental diagrams increased as the market 

penetration of ACC/CACC increased from 0% to 50%. However, the scatter got increased 

with a further increase in market penetration. It was also observed that autonomous 

vehicles produce higher throughputs than connected automated vehicles in the same market 

penetration. Analytical studies suggested that autonomous and connected vehicles can 

improve the string stability of traffic flow. However, autonomous vehicles seem to be more 

efficient than connected vehicles to prevent shockwave formation and propagation 

(Talebpour & Mahmassani 2016). 

A controlled experiment in a circular single lane track was conducted with a fleet 

of 22 vehicles with only one automated vehicle. The results suggested that one single 

automated vehicle improved the system by controlling other vehicles. A significant 

reduction of velocity standard deviation, excessive braking, and fuel consumption was 

observed. However, the study was limited to a single-lane experiment, whereas multi-lane 

involvements could trigger more lane changes and stop-and-go waves (Cui et al., 2017). 
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Merging and diverging traffic is a widespread phenomenon in freeways that cause 

bottlenecks via speed fluctuations and lane changes. This event can substantially reduce 

the capacity of freeways when coupled with the high latency and limited detection range 

of ACC vehicles. Past researchers have not considered these situations. Moreover, there 

have not been enough works on ACC vehicles' effect on fundamental characteristics of 

traffic flow. This study is intended to analyze the impact of the adoption of commercially 

available automated vehicles on freeways. 

2.2. Vehicle Trajectory Data Collection 

Understanding the mechanism of a transportation system is based on the 

information acquired from experimental data. Bruce Greenshields was the pioneer in the 

development of a fundamental diagram of traffic flow. His experiments back in the early 

1930s were the foundation of macroscopic traffic flow modeling (Pipes, 2004) 

(Geroliminis & Sun, 2011) (Dervisoglu et al., 2009) (Siebel & Mauser, 2006) (Wu et al., 

2011). Likewise, General Motors, dated back in the 1950s, was the pathfinder in finding 

how the front vehicle in a car-following setting impacts other vehicles' reaction in the 

system (Gazis et al.,1959). The dataset of the car following experiments contained the 

trajectories of the leading as well as following vehicles. This dataset was useful to 

understand how the following vehicles behave under the influence of a leading vehicle. 

This resulted in an improved dataset contrary to floating car data that dealt with a subset 

of vehicle trajectories (Fabritiis et al., 2008) (Kerner et al., 2005) (Messelodi et al., 2009) 

(Rahmani & Koutsopoulos, 2013). 

Next Generation Simulation (NGSIM) dataset has benefitted in explaining human 

driver behavior and the propagation of traffic waves (Lu & Skabardonis, 2007) (Punzo et 
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al., 2011) (Coifman & Li, 2017) (Montanino & Punzo, 2013) (Lu et al., 2009). Data was 

collected from different locations of California to produce all vehicles' trajectories in the 

traffic flow. This dataset has been proven very useful for model calibration (Chen et al., 

2010) (Chen et al., 2012) (Kurtc & Treiber, 2016). 

In recent days, computer algorithms' progress and the adoption of unmanned aerial 

vehicles have made it possible to produce UAV-based data collection methods. Some of 

the examples include the notable HighD (Krajewski et al., 2018) dataset that contains data 

of many highways in Germany, the pNEUMA dataset that comprises the trajectories of 

vehicle, pedestrian, and bicycle in Athens, Greece (Barmpounakis & Geroliminis, 2020). 

These attempts are significant as they are not controlled approaches. Hence, driving 

patterns and behaviors are not being affected by these efforts. On the other hand, some 

experiments have been conducted in a closed experimental track to control lane changing 

and other factors (Sugiyama et al., 2008) (Tadaki et al., 2013) (F. Wu et al., 2018) (F. Wu 

et al., 2017). 

Similarly, many efforts have been given to collect automated vehicles' trajectory 

data to examine the car following behavior for fully (Bhadani et al., 2018) and partially 

automated vehicles. PI Stern conducted a leader-follower experiment for two vehicles 

(Gunter et al., 2020) (Gunter et al., 2019). ACC vehicles from different manufactures were 

used to learn about the car-following behavior of ACC. Many of the researchers have also 

evaluated platoons of partially automated vehicles (Makridis et al., 2020) (Makridis et al., 

2020) (Knoop et al., 2019). These efforts were limited to collecting vehicle trajectories 

freeways. 
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2.3. Traffic Modeling Scales 

In Macroscopic traffic flow modeling, the evolution of density along a roadway is 

modeled over time. This is a broad approach, and fluid mechanics inspires these 

macroscopic models. The models are designed based on the conservation of mass 

(vehicles) over the network using a partial differential equation. Lighthill-Whitham-

Richards (LWR) is one of the popular macroscopic models (Lighthill & Whitham, 1955). 

Microscopic modeling scales are widely famous where the behavior of each vehicle 

is studied using a car-following method via microscopic simulations. These models 

consider an ordinary differential equation to model each vehicle's acceleration (Gazis et 

al., 1959) (Gipps, 1981) (Gazis et al., 1961). Models such as the Gipps model is a speed-

based model (Gipps, 1981), while some models are acceleration-based.  

2.4. Traffic Modeling for Autonomous Vehicle 

As mentioned before, there are five levels of automation. Level 1 automation is 

predicted to impact today’s transportation systems as most of the commercially available 

vehicles are equipped with Level 1 automation. The impact of level 1 automation with 

vehicle-to-vehicle (V2V) communication has been largely investigated. Cooperative 

Adaptive Cruise Control (CACC) is a feature that allows the vehicles to form a platoon 

with shorter headways so that capacity is enhanced. Extensive research has been conducted 

so that the car-following model of CACC vehicles can be developed (Lu et al., 2017) 

(Milanes & Shladover, 2014) (Nowakowski et al., 2010). 

Vehicle-to-Vehicle (V2V) communication is comparatively a new concept, and it 

will take some time for mass adoption as there are specific regulatory and institutional 
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barriers. Few have considered the impact of ACC vehicles in roadway systems without full 

automation and vehicle-to-vehicle communication as the adoption of ACC vehicles is 

already happening in the present (Calvert et al., 2017) (Vander Werf et al., 2002). 

As this is an exciting topic, many researchers have investigated the behavior of 

automated vehicles. Despite some efforts, the models that have been proposed to quantify 

the impact of automated vehicles, mainly commercially available automated vehicles, are 

not consistent with real-world behavior. Previously, a model was validated through field 

experiments of ACC vehicles (Shladover et al., 2012). Vehicle trajectories from the 

commercially available ACC were collected. Whenever the lead vehicle is very close to 

the subject vehicle, the subject vehicle maintains gap regulation to preserve a minimum 

headway to avoid a potential collision. The following equation describes the gap 

regulation: 

      𝑎𝑆𝑉 = 𝑘1(𝑑 − 𝑡ℎ𝑤𝑣𝑆𝑉 − 𝐿)+𝑘2(𝑣𝑙 − 𝑣𝑆𝑉)                                                             

(2.1) 

where, 

𝑘1 is the gain in positioning difference between the preceding vehicle and the 

subject vehicle, 

𝑘2 is the gain in speed difference between the preceding vehicle and the subject 

vehicle,  

𝑑 is the distance between the subject vehicle's front bumper and the preceding 

vehicle's front bumper,  

𝑡ℎ𝑤 is the desired time gap of the ACC controller (s), 
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𝐿 is the length of the preceding vehicle (m),   

𝑣𝑙 is the current speed of the preceding vehicle (m/s). 

 

 

 

2.5. Motivation of the Study 

Recently field experiments have been widely quantified to analyze the impact. 

However, the market penetration rate of ACC vehicles is not adequate to support the 

studies. Therefore, microsimulation models are used to investigate the effect of increased 

market penetration rates of Automated vehicles. Simulation analysis is conducted by 

collecting vehicle trajectories from a limited number of vehicles (Talebpour & 

Mahmassani, 2016) (Calvert et al., 2017) (Vander Werf et al., 2002) (Day, 2019) (Murshed 

et al., 2021). 

As this is an interesting research topic, a lot of researchers have investigated it. 

Most of the studies focused on putting connectivity with ACC together. Most of them 

explore the opportunity to accelerate and decelerate simultaneously so that they can follow 

each other closely so it can increase capacity. However, CACC is quite a long way from 

now as it requires a lot of regulations for vehicle-to-vehicle communication. In the 

meantime, we must live in the era of more adoption of ACC vehicles. Despite recent efforts, 

none of the studies have been validated by field experiments. 
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In simulation, first, the fundamental characteristics of ACC vehicles are studied. 

The stop-go-situation was explored to observe the higher density at lower speed. However, 

in the real world, it is not idealized. We have multiple lanes; ramps enter or exit the 

freeway. That is why we have simulated the merging on-ramp and diverging off-ramp 

bottleneck condition. 

However, microsimulations were conducted based on previously done field 

experiments. However, the simulation models do not represent the ACC vehicle behavior 

as much. It does not cover a variety of scenarios and that is why we conducted field 

experiments.  

 



17 

3. METHODOLOGY  

3.1. Microscopic Traffic Modelling Network 

Many field experiments have been conducted recently to quantify the impact of 

ACC vehicles. However, the field experiments are insufficient to evaluate the effects of 

various ACC market penetration levels at freeway bottlenecks. Hence, a microscopic 

simulation-based experiment was developed to represent the impact of different market 

penetration levels of ACC vehicles on the freeway. First, trajectory data was collected from 

field experiments of commercially available automated vehicles (Milanes & Shladover, 

2014). Then, the simulation model was developed and calibrated to replicate ACC vehicles' 

behavior in a mix with human-driven vehicles. The vehicles were equipped with on-board 

computers and GPS units via which trajectories were obtained. A prior modeling 

framework network based on NGSIM was used as a baseline model for simulating ACC 

vehicles' behavior in a heterogeneous environment (Lu et al., 2017) (Yeo et al., 2008). The 

ACC car-following and vehicle behavior model were simulated by integrating the source 

codes into the micro-Software-Development-Kit (micro-SDK) microscopic simulation 

package. 

3.2. Overview of Human Driver Model 

Human driver behavior model's driving model is as follows (Liu et al., 2018): 

• CF: regular manual car-following mode. 
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• YCF: yielding (cooperative) car-following mode (a driver increases his or 

her forward gap to facilitate another driver’s merging behavior). 

• LC: lane-changing mode, which includes discretionary lane change (DLC), 

anticipatory lane change (ALC) and mandatory lane change (MLC). 

• BCF: before lane-changing car-following mode (a driver speeds up or slows 

down to align with an acceptable gap in the target lane). 

• ACF: after lane-changing car-following mode (a driver temporarily adopts 

a short gap following a lane change maneuver). 

• RCF: receiving car-following mode (a driver temporarily adopts a short gap 

after a vehicle from the adjacent lane merges in front). 

3.2.1. Mode of Human Driving 

Safety acceleration allows maximum acceleration to avoid a potential collision 

derived from Gipps' car-following model (Ciuffo et al., 2012). The upper acceleration limit 

that a vehicle can accelerate in light traffic, the free-flow acceleration was obtained from 

Intelligent Driver Model (IDM) (Treiber et al., 2000). 

The acceleration that is set for each simulation interval is as follows (Liu et al., 

2018): 

 𝑎 = min (𝑎𝐹, 𝑎𝑁 , 𝑎𝐺) (3.1) 

where, 

𝑎𝐹: free-flow acceleration 
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𝑎𝑁: acceleration according to Newell’s model 

𝑎𝐺: acceleration according to the Gipps model  

• The acceleration terms in Eq. (3.1) are given as follows: 

𝑎𝑁(𝑡) =
(𝑑(𝑡) − 𝑑𝑗𝑎𝑚)/𝜏ℎ − 𝑣(𝑡)

𝜏ℎ/2
    (3.1) 

𝑎𝑓𝑟𝑒𝑒(𝑡) = 𝑎𝑚𝑎𝑥 [1 − (
𝑣(𝑡)

𝑣𝑓𝑟𝑒𝑒
)

𝛼

]    (3.2) 

𝑎𝑠𝑎𝑓𝑒(𝑡) =
𝑣𝑠𝑎𝑓𝑒(𝑡 + 𝜏𝑟) − 𝑣(𝑡)

𝜏𝑟
    (3.3) 

𝑣𝑠𝑎𝑓𝑒(𝑡 + 𝜏𝑟) = 𝐴(𝑡) + √𝐴(𝑡)2 − 𝐶(𝑡) (3.4) 

𝐴(𝑡) = −𝑏𝑓𝜏𝑟 (3.5) 

𝐶(𝑡) = 𝑏𝑓[2(𝑑(𝑡) − 𝑑𝑗𝑎𝑚) − 𝑣(𝑡)𝜏𝑟 − 𝑣𝑙(𝑡)2/(−�̂�)] (3.6) 

where, 

𝜏ℎ: desired headway [s] 

𝑣(𝑡): speed of the subject vehicle [m/s] 

𝑑𝑗𝑎𝑚: jam gap [m] 

𝑎𝑚𝑎𝑥: maximum acceleration [m/s2] 

𝑣𝑓𝑟𝑒𝑒: free flow speed [m/s] 

𝛼: acceleration exponent 
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𝜏𝑟:  reaction time [s] 

𝑣𝑠𝑎𝑓𝑒(𝑡 + 𝜏𝑟): speed of the subject vehicle after reaction time [m/s] 

𝑣𝑙(𝑡): speed of the preceding vehicle [m/s] 

𝑏𝑓: most severe braking that the subject driver wishes to undertake [m/s2] 

�̂�: the subject driver’s estimate of preceding vehicle’s most severe braking 

capabilities [m/s2] 

𝑑(𝑡): clearance gap regarding the leader at time 𝑡 [m] 

3.2.2. Overview of Lane Changing 

Figure 3-1 shows a flow chart of car-following and lane-changing models of human 

drivers. The lane-changing algorithm defines the incentive of the driver's line changing. 

The algorithm will allow the vehicle to change the lane if the gap is sufficient in the target 

lane. Otherwise, it will apply to BCF mode. If the lane-changing is done, the subject vehicle 

will have ACF mode, and the new follower of the subject vehicle will have RCF mode. 
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Figure 3-1 Lane Changing Structure in a Car-following Model 

 

 

 

 

 

 

 

 

 

 

 

CF: Regular manual car-following mode 

YCF: Yielding (cooperative) car-following mode 

LC: Lane-changing mode 

BCF: Before lane-changing car-following mode 

ACF: After lane-changing car-following mode 

RCF: Receiving car-following mode 
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The model formulations for the ACC mode are presented by Eq. (3.8) and (3.9): 

 𝑎𝑠𝜐 = 𝑘1(𝑢𝑓 − 𝜐𝑠𝜐) (3.8) 

 𝑎𝑠𝜐 = 𝑘2(𝑑 − 𝑡ℎ𝑤𝜐𝑠𝜐 − 𝐿) + 𝑘3(𝑢𝑙 − 𝜐𝑠𝜐) (3.9) 

where 

𝑎𝑠𝜐 : acceleration recommended by the ACC controller to the subject vehicle (m/s2)  

𝑘1: gain in the speed difference between the free flow speed and the subject 

vehicle’s current speed (𝑘1 = 0.4 s−1 in this study)  

𝑢𝑓 : free-flow speed 

𝑘2: gain in positioning difference between the preceding vehicle and the subject 

vehicle (𝑘2 = 0.23 s−2 in this study)  

𝑘3: gain in speed difference between the preceding vehicle and the subject vehicle 

(𝑘3 = 0.07 s−1 in this study)  

𝑑: the distance between the subject vehicle’s front bumper and the preceding 

vehicle’s front bumper (m)  

𝑡ℎ𝑤: desired time gap of the ACC controller (s): 31.1% at 2.2 s, 18.5% at 1.6 s; and 

50.4% at 1.1s (Nowakowski et al., 2010) 

𝐿: length of the preceding vehicle (m)  

𝑢𝑙: current speed of the preceding vehicle (m/s) 
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Clearance distance between the subject and the preceding vehicle is the controlling 

factor for the ACC controller in determining the car-following rule. If the distance exceeds 

a threshold limit (e.g., 120 m), the gap regulation mode in Eq. (3.8) is applied. On the other 

hand, if the distance is below the minimum threshold limit of 100 m, the controller opts for 

gap regulation as stated in Eq. (3.9). If the distance lies in between the maximum and 

minimum threshold limit, the controller applies the previous rule applied in the previous 

timestamp so that a smooth transfer between the two modes happens. 

The dynamics of the car-following and lane-changing behaviors of ACC vehicles 

are shown in the following figure 3-2. It is to be noted that the lane-changing mechanism 

of ACC and human-driven vehicles are the same. 
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Figure 3-2 Lane Changing Dynamics of ACC Vehicles 
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3.3. Simulation Procedure 

The simulations were conducted to replicate the realistic scenarios in understanding 

the impact of ACC vehicles in freeways. Two scenarios have been considered here. The 

first scenario depicts the free flow condition where the minimum headway was considered. 

The following scenario provides the behavior of ACC in congested conditions. As there is 

a change of speed from free flow to congested conditions and vice versa, headways and 

capacity changes are evident. 

3.3.1. Fundamental Diagram Experiment with A Single-Lane Freeway 

Micro-simulation software Aimsun (2020) was used to replicate the fundamental 

diagram experiments conducted in the field. A single isolated lane of freeway was 

considered for the experiment. Full dynamics of motion were implemented that includes 

car-following, lane-changing, and gap-acceptance rules. The vehicles changed their 

acceleration, lane-changing, and gap-acceptance at each time-step depending on the 

surrounding vehicle's position and velocities. The time-step duration was 0.1 seconds, and 

the simulation was run for one hour (Seraj et al., 2020).  

The lane was divided into three sections with a different speed limit. The beginning 

of the lane had a speed limit of 55 mph; the middle part had a varying speed limit. In one 

simulation, it was considered as 45 mph. In another simulation, the speed was set as 35 

mph and so on. All the reduction of speed cases that were performed in the field 

experiments were replicated here. The speed drop was created intentionally to explore the 

congested condition. Simulations were performed for varying levels of market penetration 

of ACC vehicles (0%, 20%, 40%, 60%, 80%, and 100%). 
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The following driver behavior parameters were chosen for ACC vehicles for the 

microsimulation experiment based on field experiments:  

Table 3-1 Driver Behavior Parameters 

Parameters Values 

Reaction time 3.0 s 

Mean time gap parameter 1.4 s 

Maximum acceleration 2.0 m/s2 

Maximum deceleration 3 m/s2 

 

 

 

Figure 3-3 Simulation of An Isolated Single-Lane Freeway 
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3.3.2. Five-lane Freeway Bottleneck Analysis 

Microscopic simulation software Aimsun (Aimsun, 2020) was used to analyze the 

impact of different ACC market penetration levels (0%, 20%, 40%, 60%, 80%, and 100%). 

An isolated five-lane freeway segment was considered to evaluate ACC vehicles' impact 

on freeway capacity in the mix with human drivers. 

Further simulations were performed by adding a merging on-ramp and a diverging 

off-ramp. Also, the effect on capacity was observed by changing the on-ramp and off-ramp 

demands (300 veh/hr, 600 veh/hr, 900 veh/hr, 1200 veh/hr, and 1500 veh/hr enter from the 

on-ramp, and 5%, 10%, 15%, 20%, and 25% of traffic exit at the off-ramp).  

Highway Capacity Manual (HCM, 2010) defines capacity as the maximum 15 

minutes moving average flow. In the beginning, the capacity was determined without the 

introduction of any on-ramp or off-ramp section. Initially, the simulation experiment was 

conducted with a constant and low traffic volume for 1 hour. When a congestion scenario 

is not observed, the input flow is increased so that a congested condition is obtained. If the 

15-minute moving average flow remains constant after further input demand, that flow rate 

is the capacity. 10 replications were performed for varying market penetration levels.  

Bottleneck simulations were carried out by adding an on-ramp and an off-ramp 

section. The input demand was set as the capacity obtained from the mainlines and the 

respective off-ramp split ratios (5%, 10%, 15%, 20%, and 25%) for the diverging 

experiment and on-ramp volumes (300 vph, 600 vph, 900 vph, 1200 vph, and 1500 vph) 

for the merging experiment for 1 hour. The simulation was run for an additional hour so 

that the system does not have any residual. 
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The following driver behavior parameter was chosen for the microsimulation 

experiment (2018): 

Table 3-2 Driver Behavior Parameters 

Parameters Values 

Reaction time 0.4 s 

Mean time gap parameter 1.25 s 

Maximum acceleration 2.0 m/s2 

Maximum deceleration 2.5 m/s2 

Lane-changing desire threshold 0.15 
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Figure 3-4 Merging & Diverging Bottleneck of Multilane Freeway. 

 

3.4. Field Experiments Procedures 

The field experiments were conducted to capture the realistic scenarios in 

understanding the impact of ACC vehicles in freeways. Two scenarios have been 

considered here. The first scenario depicts the free flow condition where the minimum 

headway was obtained by measuring the two cars' spacing. The following scenario 

provides the behavior of ACC in congested conditions. As there is a change of speed from 

free flow to congested conditions and vice versa, headways and capacity changes are 

evident.  

Florida Atlantic University's ACC-equipped vehicles were used to collect trajectory 

data via OBD (On-Board Diagnostics) II data logger. Vehicle trajectories were collected 

at every 0.2-second timestamp, and the data was synchronized with the GPS unit 
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instrumented on the vehicles. OBD II data logger was used in these experiments as they 

collect trajectories based on wheel rotation, unlike GPS positioning experiments that rely 

upon satellites. Moreover, when the vehicles were stationary, the drivers throttle at the 

same time to find out there is a shift in GPS timestamps (Imran et al., 2021). 

 

Figure 3-5 ACC Vehicles Used in the Current Study 
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Figure 3-6 OBD II Data Logger 

 

Figure 3-7 GPS Unit 
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Three vehicles were driven in all the possible combinations possible. For instance, 

in one case, all vehicles were ACC driven. In another instance, the leading and vehicle at 

the back were being driven in ACC mode. However, the middle vehicle was driven 

manually. In such a way, the behavior of ACC vehicles can be interpreted accurately in a 

heterogeneous environment.  

External environment conditions were also considered to present a real-life driving 

scenario. Cars were driven in several days on the same route both in north-bound and south-

bound. The vehicles were driven in all three available gap settings-short, medium, and long 

so that the realistic nature of driving could be captured.   
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3.4.1. Experiment Sites 

Route US 441 near Delray Beach was selected for the first scenario i.e., for cruising 

to 55 mph and then diminishing the speed to 45 mph, 35 mph, and 25 mph. The site was 

selected as the traffic on the sight is light to light to medium. Moreover, the distance was 

long enough to conduct two trials in each direction for each gap setting. 

 

Figure 3-8 Location of Field Experiment (US 441 Near Delray Beach)  

Source: Google Maps, 2020. 
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For the second scenario where the ACC vehicles had to go down to lower speed, 

i.e., from 55 mph to 15 mph and 0 mph, respectively. The location was selected as the 

traffic is very light. One trial was conducted in each direction, i.e., northbound, and 

southbound. 

 

Figure 3-9 Location of Field Experiment (Flying Cows in Wellington) 

Source: Google Maps, 2020. 
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Figure 3-10 Field Experiment Setup (Kan-Munoz et al., 2021) 

 

Figure 3-11 Fundamental Diagram of Traffic Flow 
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3.4.2. Fundamental Diagram  

A fundamental diagram has been an indispensable part of traffic flow theory. This 

relationship relates two of three variables like speed (v), flow (q), and density (k) to each 

other. The third variable can be derived if two of these three variables are known by 

applying the relation q=kv (Knoop & Daamen, 2017). 

Greenshields developed a linear relationship between speed and density by 

observing traffic flows. Utilizing the relation q=kv, a parabolic relation between speed and 

flow was built. Several intrinsic characteristics of traffic flow are defined by the 

fundamental diagram. Capacity is defined by the maximum flow observed for a short 

period. The density observed during that period is called critical density. Two states of 

traffic conditions are defined by this capacity. If a roadway is operating below the critical 

density, the state is called uncongested. Alternatively, the state with more than critical 

density is referred to as congested (Greenshields et al., 1934).  
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3.4.2.1. Fundamental Diagram of ACC Vehicles 

The field experiments for the transition of 55 mph to 45, 35 and 25 mph were 

conducted in US 441 near Delray Beach as mentioned before. The leading vehicle was 

always set in ACC mode so that a controlled environment is created. Different sets of 

combinations with the other two vehicles were performed to replicate the different levels 

of ACC market penetrations in a mixed environment. The combinations that were 

performed are listed below: 

Table 3-3 Different Driving Scenarios in US 441 Near Delray Beach  

Day 1 – All drivers were driving in ACC 

Day 2– Driver 1 and 2 were driving in ACC, Driver 3 was driving manually 

Day 3 – Driver 1 was driving in ACC, Driver 2 and 3 were driving manually 

Day 4– Driver 2 was driving in ACC, Driver 1 and 3 were driving manually 

Day 5– Driver 3 was driving in ACC, Driver 1 and 2 were driving manually 

Day 6 – Driver 1 was driving in ACC, Driver 2 and 4 were driving manually 

Day 7 – Driver 1 and 4 were driving in ACC, Driver 2 was manually 

Day 8 – Driver 2 and 4 were driving in ACC, Driver 1 was driving manually 

Day 9 – Driver 1 and 2 were driving in ACC, Driver 4 were driving manually 

Day 10– Driver 2 was driving in ACC, Driver 2 and 4 were driving manually 
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Similarly, experiments for transition to lower speeds, i.e., from 55 mph to 15 mph 

and 0 mph were performed in Flying Cows as mentioned before. The same sets of 

combinations were performed.  

Figure 3-11 shows the fundamental diagram of traffic flow. Three scenarios A, B, 

and C have been considered. A and B represent the free-flow condition and C represents 

the congested condition. As shown in the figure, density is low when the vehicles are 

moving in free-flow speed and density tends to go high at the congested condition as 

vehicles get queued (Imran, 2021).  

 

Figure 3-12 Fundamental Characteristics in Field Experiments 
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Firstly, ACC vehicles were stabilized at a desired cruising speed of 55 mph. Then 

the vehicles were slowed down to replicate the congested conditions. In this experiment, 

the vehicles decelerated to 45 mph, 35 mph, 25 mph, and 0 mph. The following figure 3-

12 represents the free-flow and congested conditions of the fundamental diagram of traffic 

flow. 

3.4.2.2. Region C  

Figure 3-13 shows the traffic flow's fundamental characteristics, considering the 

speed vs. density, speed vs. flow, and flow vs. density. Region C of the fundamental 

diagram is operating at capacity where the flow is the maximum, i.e., qm. At that time, 

density is ko, and the speed of the vehicle is vo. 

 

Figure 3-13 Characteristics of Fundamental Diagram (Addison, 2016) 
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Initially, the vehicles were lined up at a distance of ∆ + 𝑙, where ∆ represents the 

lining distance of the vehicles and 𝑙 represents the length of the vehicle. Region C denotes 

the region where vehicles are moving at capacity. For the congested condition in region C, 

as mentioned above, after the leading vehicle accelerated and stabilized at 55 mph from the 

slow speed, the following two vehicles took some time to get stabilized. In diagram 3-14, 

𝑡3 is the time shortly after all three vehicles are stabilized: 𝑡1, 𝑡2 are the time in which 

cumulative distance traveled by the vehicles 1, and 2 are 𝑑1, 𝑑2 respectively. 

 

                    Figure 3-14 Region C of Fundamental Diagram (Imran, 2021) 
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Figure 3-15 Region C of Fundamental Diagram (Imran, 2021) 

 

Figure 3-15 also shows region C, with the difference that all vehicle stabilization is 

marked by a point, 𝑡. At stabilization, vehicles’ speed is 𝑉𝑓𝑓. 𝑑1, 𝑑2, and ℎ2, ℎ3 are 

calculated using the following formula, where ℎ2, ℎ3 are the headway for vehicle 2, and 

vehicle 3, respectively. 

𝑑2 =  𝑑3 − 𝑙 −  ∆ (1) 

𝑑1 =  𝑑3 − 2𝑙 −  2∆ (2) 

ℎ3 =  𝑡3 − 𝑡2         (3) 
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ℎ2 =  𝑡2 − 𝑡1            (4) 

The spacing between vehicle 1, and vehicle 2, 𝑠2, and the spacing between vehicle 

2, and vehicle 3,  𝑠3 are obtained at the stabilized situation of the three vehicles using the 

equations (5), and (6). Later, the average flow, and density are calculated using the equation 

(7), and (8). 

𝑠2 =  𝑑1 + 𝑙 + ∆ −  𝑑2 (5) 

𝑠3 =  𝑑1 + 2𝑙 + 2∆ −  𝑑3 −  𝑠2 (6) 

𝑞𝑎𝑣𝑔 =  
1

ℎ2 + ℎ3

2

         
(7) 

𝑘𝑎𝑣𝑔 =  
1

𝑠2 +  𝑠3

2

           
(8) 

 

3.4.2.3. Region B 

Region B is the zone where the vehicles start decelerating after stabilizing at free-

flow speed. For the region B of the fundamental diagram of traffic flow, 𝑡1is the time in 

which all vehicles began accelerating (first time step when the rear vehicle exited the 

congestion). That point is marked by 𝑎 in the 3-16, for vehicle 3.  
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Figure 3-16 Region B of Fundamental Diagram (Imran, 2021) 

 

Figure 3-17 Region B of Fundamental Diagram (Imran, 2021) 
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Figure 3-17 also represents the fundamental diagram of traffic flow for region B, 

marked by the time stamp, 𝑡, when all vehicles are stable at the congested speed. Here, the 

congested speed is 𝑉𝑐𝑜𝑛𝑔𝑒𝑠𝑡. Previous equations as mentioned in region C are used to obtain 

average flow and density. 

3.4.2.4. Region A 

Region A is the zone where vehicles start accelerating to the free-flow speed and 

stabilize. The detailed condition of region A is shown in figure 3-18. The figure shows the 

details of region A of the diagram. In that diagram, 𝑡 is the time when all vehicles are 

reached to the free flow speed, 𝑉𝑓𝑓 again. 

 

Figure 3-18 Region A of Fundamental Diagram (Imran, 2021) 
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Figure 3-19 Region A of Fundamental Diagram (Imran, 2021) 

 

While, in the Figure 3-19, 𝑡3 is the time when all the vehicles come to the free flow 

speed. Apart from this, all other parameters are determined, as the region B and C. Apart 

from this, all other parameters are determined like the region B, and C. 

3.4.2.5. Jam Density 

Jam density was calculated when the flow was zero as the vehicles accumulated at 

the queue were maximum as shown in figure 3-20: 
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Figure 3-20 Jam Density (Imran, 2021) 
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4. RESULTS & ANALYSIS  

4.1. Findings from Simulations 

In microscopic simulations, the acceleration and deceleration of each ‘driver-

vehicle-unit’ are described as the function of distance and velocity difference between the 

vehicle to the vehicle preceding it (Helbing, 2001) (Nagel et al., 2003). The car-following 

model used in the simulation has been beneficial in depicting the scattering of fundamental 

characteristics of traffic flow, propagation of stop-and-go waves and other characteristics 

in congested conditions. These simulations were able to replicate the heterogeneity of 

mixed traffic by representing each vehicle with different driver behavior parameter sets 

(Kesting et al., 2006).  

4.1.1. Fundamental Characteristics from Single-Lane Freeway 

As shown in figure 4-1, the flow both in free-flow zone and congested zone get 

increased with the increase in market penetration of ACC. In addition, jam density also 

increases with the increase in ACC market penetration. This result is endorsed by the ACC 

algorithm in the microSDK. The ACC car following model was developed for higher speed 

ranges only thus it could not capture rapid deceleration to lower speeds let alone complete 

stops. In those instances, the algorithm applies collision avoidance and brake rather late, 

which leads to vehicles clustered closer together when at complete stops (or lower speeds). 

Therefore, the jam density increases with ACC market penetration 
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Figure 4-1 Flow vs Density for Different ACC Market Penetration 
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4.1.2. Off-ramp Diverging 

The mainline capacity without the merging on-ramp demand or the diverging off-

ramp demand is shown in figure 4-2. There is no significant change in the capacity for 

different ACC penetration levels with a maximum difference of 13 veh/hr/lane as 

represented in table 4-1. Therefore, it can be concluded that ACC's introduction does not 

impact the freeway capacity without merging on-ramp or diverging off-ramp demand. The 

past research endorses this finding that the average headway between ACC vehicles is 

almost the same as the headway between human-driven vehicles (Liu et al., 2018) (Liu et 

al., 2018) (Vander Werf et al., 2002) (Nowakowski et al., 2010). 

The freeway capacity changes with the increase of diverging ratio for different 

ACC market penetration levels are depicted in the figure 4-3, 4-4, and table 4-1. Even for 

0% ACC market penetration, the observed capacity is lower when vehicles are diverging 

to the off-ramp. The freeway capacities are 1756 (-7.24%), 1666 (-11.99%), 1592 (-

15.90%) and 1533 (-19.02%) for diverging ratios of 5%, 10%, 15%, 20%, and 25% 

respectively. The reason behind that is when the freeway is operating at capacity, lane-

changing maneuvers could lead to a stop-and-go situation near the diverging section. Even 

a small disturbance when a freeway is operating at capacity can lead to a capacity drop. 

Such capacity drop is more evident in ACC vehicles' presence because of the limited 

detection range and longer reaction time. 
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Figure 4-2 Mainline Capacity vs ACC Market Penetration 

 

Figure 4-3 Diverging Bottleneck Capacity vs Diverging Percentage 
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Figure 4-4 Diverging Bottleneck Capacity vs ACC Market Penetration 

 

There is no significant change in the diverging bottleneck's capacity for low market 

penetration rates, i.e., 0%-60% ACC market penetration rates. However, a significant drop 

in capacity is observed for higher market penetration, such as 80% and 100%. This capacity 

drop is caused by small maneuvers that lead to a stop-and-go condition because of the ACC 

vehicle's limited detection range and latency of the controller. Vehicles' trajectories of the 

middle lane with 20% and 80% market penetration rate (10% diverging rate) are shown in 

figure 4-5 and 4-6. At the same diverging rate, more stop-and-go waves are observed in 

80% market penetration that is represented by the changes in the slopes of ACC vehicles' 

trajectories as marked in red. Frequent and sudden changes in slopes are observed in that 

case. Because of the ACC vehicle's delay response when accelerating, the headways 
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between the vehicles increase as represented by trajectories being further apart, resulting 

in capacity reduction. 

Table 4-1 Flow at Diverging Bottleneck (veh/hr/lane) for Different Levels of 

Diverging Ratio and ACC Market Penetrations  

ACC Market Penetration (%) 

Diverging Ratio 0% 20% 40% 60% 80% 100% 

0% 1893 1885 1895 1901 1905 1892 

5% 1756 1755 1760 1740 1653 1600 

-7.24% -6.90% -7.12% -8.47% -13.23% -15.43% 

10% 1666 1666 1676 1678 1600 1532 

-11.99% -11.62% -11.56% -11.73% -16.01% -19.03% 

15% 1592 1599 1610 1597 1505 1450 

-15.90% -15.17% -15.04% -15.99% -21.00% -23.36% 

20% 1533 1534 1532 1543 1454 1402 

-19.02% -18.62% -19.16% -18.83% -23.67% -25.90% 

25% 1451 1445 1448 1436 1400 1349 

-23.35% -23.34% -23.59% -24.46% -26.51% -28.70% 
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Figure 4-5 Vehicles’ Trajectories for 20% ACC Market Penetration at 10% 

Diverging Ratio (Red Lines: ACC Vehicles, Blue Lines: Manual Vehicles) 

 

Figure 4-6 Vehicles’ Trajectories for 80% ACC Market Penetration at 10% 

Diverging Ratio (Red Lines: ACC Vehicles, Blue Lines: Manual Vehicles) 
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4.1.3. On-ramp Merging 

The impact of increasing on-ramp demand on freeway capacity is shown in figure 

4-7, 4-8, and table 4-2 for different ACC market penetration levels. The capacity reduction 

is observed for 0% market penetration, and further reduction is observed with the 

increasing on-ramp demand. With the increase of on-ramp demand, more lane changes and 

merging maneuvers lead to more stop-and-go conditions that affect the capacity. 

The reduction in capacity is more severe for higher market penetration of ACC. A 

significant drop in capacity is observed for higher market penetration, such as 80% and 

100%, and the reduction is more prominent as soon as the merging demand exceeds 300 

veh/hr. This capacity drop is caused by small maneuvers that lead to a stop-and-go 

condition because of the ACC vehicle's limited detection range and latency of the 

controller. Like the diverging bottleneck, the capacity drop is owed to the ACC vehicles’ 

rapid deceleration and delay in response when accelerating.  

 

 

 

 

 

 

 

 



 

55 

 

Figure 4-7 Merging Bottleneck Capacity vs Merging On-ramp Demand 

 

Figure 4-8 Merging Bottleneck Capacity vs ACC Market Penetration 
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Table 4-2 Flow at Merging Bottleneck (veh/hr/lane) for Different Levels of Merging 

Ratio and ACC Market Penetrations 

  ACC Market Penetration (%) 

On-ramp 

Demand 

0% 20% 40% 60% 80% 100% 

0 1893 1885 1895 1901 1905 1892 

300 1920 1906 1861 1804 1779 1660 

1.43% 1.11% -1.79% -5.10% -6.61% -12.26% 

600 1867 1838 1800 1763 1726 1685 

-1.37% -2.49% -5.01% -7.26% -9.40% -10.94% 

900 1824 1798 1764 1739 1715 1678 

-3.65% -4.62% -6.91% -8.52% -9.97% -11.31% 

1200 1799 1772 1741 1711 1679 1679 

-4.97% -5.99% -8.13% -9.99% -11.86% -11.26% 

1500 1707 1660 1685 1678 1679 1602 

-9.83% -11.94% -11.08% -11.73% -11.86% -15.33% 
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In summary, there is no change in capacity with the introduction of ACC vehicles 

on a freeway without diverging off-ramp and merging on-ramp demand compared to 

manually driven vehicles. The result is owed to the fact that lane changes and disturbances 

are not prominent without merging and diverging sections. However, the situation 

aggravates more for ACC vehicles when there is diverging off-ramp demand and merging 

on-ramp demand. Capacity is more vulnerable for higher market penetrations of ACC 

vehicles, such as 80% to 100%. In such cases, a decrease in capacity is observed even at 

low diverging and merging rates. 

Simulation results are not representative of what we observed on the field. The car-

following model that was used in the simulation was developed for higher speed range and 

a minor speed fluctuation. As a result, the simulation experiments could not capture the 

speed-and-go condition. As deceleration was very small, the capacity drop was not noticed. 
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4.2. Findings from Field Tests 

As mentioned in the methodology section, extensive field experiments were 

conducted with three cars equipped with ACC to demonstrate the realistic effect of ACC 

vehicles in interaction with human-driven vehicles on freeways. The results for the 

fundamental characteristics of traffic flow are shown below: 

4.2.1. Fundamental Characteristics of Traffic Flow 

To capture the effects of ACC vehicles on the fundamental characteristics, 

experiments were conducted with only ACC vehicles, a mix of ACC vehicles and human-

driven vehicles and all human-driven vehicles. In such a way, the comparison among the 

scenarios would be made possible. 

4.2.1.1. Only ACC Vehicles 

Several experiments were performed for all the gap settings available for ACC 

vehicles, i.e., short, medium, and long gap. Detailed results are described below:  
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Figure 4-9 Flow vs Density for Short (a), Medium (b), and Long (c) Gap for ACC 

Vehicles 
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Figure 4-10 Flow vs Density for Short (a), Medium (b), and Long (c) Gap for ACC 

Vehicles 
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Figures 4-9 and 4-10 show the flow vs. density diagram for different ACC vehicles' 

gap setting. The results revealed that the maximum flow achieved by ACC vehicles is very 

high. However, the flow is not stable. The short gap diagram depicts the discontinuity of 

the flow that is endorsed by previous literature on ACC vehicles. The capacity drop (CD) 

is very large, i.e., the difference of the top point to the scatter is quite huge. The capacity 

drop is seen to be the lowest in the case of the long gap setting. 

Moreover, figure 4-10 shows that the jam density is like human-driven vehicles 

(180-220 veh/mile) in the short gap setting. However, the jam density is significantly low 

in medium and long gap settings. 

The line's slope on the right side gives the wave speed, the speed with which the 

queue propagates backward. As shown in Figures 4-10, the lines are steeper for medium 

and long gaps than for the short gap. This implies that the queue will propagate more 

rapidly in medium and long gap settings, resulting in a long back of the queue. 

4.2.1.2. Interaction between ACC & Human-Driven Vehicles 

As mentioned in the methodology part, mix scenario experiments with ACC 

vehicles and human-driven vehicles were performed to represent the behavior of ACC 

vehicles in a heterogeneous environment.  
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Figure 4-11 Flow vs Density for Short (a), Medium (b), and Long (c) Gap in Mixed 

Driving Scenario 
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Figure 4-12 Flow vs Density for Short (a), Medium (b), and Long (c) Gap in Mixed 

Driving Scenarios 
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Figures 4-11 and 4-12 show that the maximum flow observed in the interaction of 

ACC vehicles and manual driven vehicles is higher than that of all ACC vehicles. The 

reason behind that is that some human drivers are aggressive, and they keep much shorter 

headway compared to the ACC vehicles. Besides, a higher capacity drop is observed in the 

short gap setting of the mixed driving scenario. The capacity drop is the lowest in the long 

gap setting. 

Moreover, the jam density is relatively low in a short gap setting compared to the 

human-driven vehicles. However, the jam density observed in short and long gaps sets the 

like that of human-driven vehicles. 

The slope of the line at the congested section in the short gap setting is steeper than 

the other two settings. The finding implies that long queues will be observed faster in a 

shorter gap setting than the other cases. 

4.2.1.3. Summary  

The previous sections' results are summarized in this section for a better 

understanding of the impacts of ACC vehicles in all ACC cases and the interaction with 

human-driven vehicles. 
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Figure 4-13 Comparison of Traffic Flow (a)-All ACC (b)-Mixed Driving, (c)-

Comparison of All ACC and Mixed Driving 
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Figure 4-14 Comparison of Traffic Flow (a)-All ACC (b)-Mixed Driving, (c)-

Comparison of All ACC and Mixed Driving 
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As shown in figure 4-13 and 4-14, maximum flow can be achieved when all ACC 

vehicles are operating. However, that flow is unstable, and a minor speed fluctuation can 

result in a severe capacity drop. This capacity drop is more severe in the short gap setting 

of ACC vehicles.  

Moreover, the jam density is higher in all ACC scenarios compared to the mixed 

driving case. As a result, the lines at the congested section will be steeper, the wave speed 

will be more in ACC than mixed driving. This will result in longer queue propagation at a 

faster speed.  
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5. CONCLUSIONS & RECOMMENDATIONS 

5.1. Contribution of the Study: 

Most of the new cars manufactured today are already equipped with level 1 

automation that comes with a feature called Adaptive Cruise Control (ACC). This feature 

enables the cars to maintain the desired speed automatically by keeping a safe following 

distance. As automated vehicles are the present and future of transportation systems, it is 

imperative to understand these vehicles' behavior and impact in a roadway system. 

Firstly, a single isolated lane of freeway was considered for a microsimulation-

based experiment to replicate the fundamental behavior of ACC vehicles in free-flow and 

congested conditions. The results revealed that the flow increases with the increase in ACC 

vehicles' adoption. Moreover, jam density also increases with the increase in ACC market 

penetration. The ACC algorithm in the microSDK endorses this result. The ACC car 

following model was developed for higher speed ranges only; thus, it could not capture 

rapid deceleration to lower speeds, let alone complete stops. The algorithm applies 

collision avoidance and brake relatively late in those instances, which leads to vehicles 

clustered closer together when at complete stops (or lower speeds). Therefore, the jam 

density increases with ACC market penetration. 

Later, a microscopic simulation-based experiment was conducted to quantify the 

impact of ACC vehicles on varying market penetration levels (0%, 20%, 40%, 60%, 80%, 

and 100%) freeway bottlenecks at merging on-ramp and diverging off-ramp sections. 
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Simulation results revealed that no change in capacity was observed with the introduction 

of ACC vehicles on a freeway without diverging off-ramp and merging on-ramp demand 

compared to manually driven vehicles. The result is owed to the fact that lane changes and 

disturbances are not prominent without merging and diverging sections. However, the 

situation aggravates more for ACC vehicles when there is diverging off-ramp demand and 

merging on-ramp demand. The effect becomes severe with the increase of ACC market 

penetration. The capacity drop is severe for 80%-100% market penetration of ACC. This 

capacity drop is caused by small maneuvers that lead to a stop-and-go condition because 

of the ACC vehicle's limited detection range and latency of the controller. Like the 

diverging bottleneck, the capacity drop is owed to the ACC vehicles' rapid deceleration 

and delay in response when accelerating. 

The field experiments for the fundamental characteristics of traffic flow revealed 

that maximum flow can be achieved when all ACC vehicles are operating. However, that 

flow is unstable, and a minor speed fluctuation can result in a severe capacity drop. This 

capacity drop is more severe in the short gap setting of ACC vehicles. Moreover, the jam 

density is higher in all ACC scenarios compared to the mixed driving case. As a result, the 

lines at the congested section will be steeper, the wave speed will be more in ACC than in 

mixed driving. This will result in longer queue propagation at a faster speed.  

5.2. Limitation of the Study: 

The results that we found from the simulations are not representative of what we 

observed in the field experiments as the microSDK had a car-following model that was 

developed by using a field experiment that only had minor speed fluctuation. Moreover, 

different vehicles were used, and speed-and-go condition was not considered while 
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developing the microSDK. ACC car following model for the simulations was built for a 

range of 65 to 55 mph. The experiments did not consider the ACC response delay that 

could reduce the capacity and cause capacity drop. The capacity drop was not observed 

here that we found on the field. 

5.3. Recommendation for Further Studies: 

For further studies, it is recommended that the ACC car following model is 

developed in a way so that it can capture the actual scenario in congested conditions. 

Besides, it is also recommended to investigate the difference in ACC controller algorithms 

for different ACC car manufacturers. 

It is also recommended that the analysis should be made on larger-scale freeway 

corridors with multiple bottlenecks. As the adoption of ACC vehicles increases, further 

studies are recommended with real-world empirical field experiments rather than trusting 

on simulations. Such studies will enable us to have a better understanding of the behavior 

of ACC vehicles in freeways. Thus, the planning and operation of freeways under the 

influence of ACC vehicles will be more fruitful. 

Moreover, it is suggested that different vehicles from different manufacturers 

should be tested to demonstrate the difference in the ACC controller algorithm of different 

car manufacturers. 
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