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ABSTRACT 

Advances in communications technology have made the development of connected and automated 

vehicle (CAV) applications that may potentially replace traditional, gantry operated lane control 

signals (LCSs) possible. This paper develops the concept of a prototype CAV-enabled LCS 

application and provides a preliminary assessment of the potential improvement it offers over 

traditional LCS. Real-world data obtained from an LCS on I-66 in Northern Virginia was used to 

calibrate and validate a baseline simulation model. Further, the current lane control scenarios 

utilized in the Northern Virginia LCS were identified and relevant data resulting from 

implementation of those scenarios were collected to model the LCS in a simulation environment. 

The performance of real-world LCS was then compared to a prototype CAV-enabled LCS 

application developed in this research. The CAV-enabled LCS application consistently 

outperformed the traditional LCS with increased throughput and speeds. On average, an increase 

of 18.4%, 9.6% and 12.8% in throughput was observed for three selected scenarios under the best 

case of a 1 sec headway. Furthermore, the CAV-enabled LCS application was also found to reduce 

volatility, represented by variation in acceleration and deceleration regimes, by an average of 

25.6% and 49.6%. The reduction in turbulence in the traffic stream may indicate potential 

improved safety with the CAV system.  

 

Keywords: Connected and Automated Vehicles, Intelligent Transportation Systems, CAV-

enabled LCS, Lane Control, Cooperative Merging, Traffic Operations, Driving Volatility 
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1. INTRODUCTION 

With increasing traffic demand, new approaches are being utilized to manage traffic in an effort 

to enable efficient utilization of the transportation network. Intelligent transportation systems (ITS) 

applications that use real time and predictive operational strategies managed by a Traffic 

Management Center (TMC) have been widely deployed to relieve congestion on freeway sections 

(Khattak et al., 2019). One such example is the lane control signals (LCS), which alerts drivers of 

upcoming lane closures and then provides merging information through individual dynamic lane 

signs installed on roadway gantries spaced at frequent intervals (roughly 0.5 miles). An example 

LCS under operation is shown in Figure 1. 

 
                                     FIGURE 1 Example of Traditional Lane Control System (LCS) under operation on I-66 

              Since existing LCSs are typically mounted on overhead gantries, this approach has several 

limitations. First, the physical infrastructure required to deploy LCS applications can be costly; a 

recent deployment in Virginia installed 42 gantries on I-66 for a total cost of $24 million (Chun 

and Fontaine, 2016).  The effectiveness of these systems also ultimately relies on drivers to comply 

with the lane control information that is presented.  On I-66 in Virginia, TMC operators noted that 

driver behavior varied with the congestion level on the roadway (Dutta et al., 2014). During 

uncongested conditions, drivers generally complied with LCS indications. During congestion, 

however, drivers tended to ignore the LCS and use all available lanes until the point where the 

lane-blocking incident occurred. This behavior during congestion could degrade the merge 

operation and lead to a lower throughput. Furthermore, maintenance costs of these systems are 

also a common issue (Rodegerdts et al., 2003).  

Along with driver compliance issues (Boateng et al., 2019; Khattak et al., 2018a), a major 

weakness of traditional LCSs is the need to deploy extensive infrastructure to communicate lane 

controls and advisory information in a visual manner. The rapid advancement of connected and 

automated vehicles (CAVs) provides a potential to address this weakness (Khattak et al., 2019a). 

Increasing market penetration of CAVs in the future may allow for a transition from a costly 

infrastructure-based approach to a more cost-effective CAV application. CAVs connect the 

distinct entities of transportation systems through vehicle to vehicle (V2V) and vehicle to 

infrastructure (V2I) communication and can help address the issues with physical LCS systems. 

The opportunities provided by this technology can be leveraged to develop an in-vehicle 
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cooperative LCS application that will promote automated and/or more cooperative merging on a 

freeway section. Unlike existing LCS applications, the vehicles will be able to perform merge 

actions immediately when a message for merge or lane closure is received by the CAVs without 

any intervention by the driver. Similarly, the connectivity aspect of CAVs will provide a more 

effective way of alerting vehicles in the adjacent lanes about the merge action and thus, 

cooperatively create sufficient gaps for the merging vehicles. This type of CAV-enabled LCS 

application has the potential to improve the efficiency and mobility of the transportation system 

and represents the next generation of transportation strategies that rely on direct digital 

connectivity between vehicles and infrastructure.  

 

2. OBJECTIVES AND SCOPE 

This paper sought to develop a prototype CAV-enabled LCS application that performs an 

immediate and more cooperative merge on a freeway section. The objective of the strategy is to 

maximize throughput using cooperative merging under safe headways. With this type of 

cooperative merge, safety and comfort are also expected to improve, which are shown through the 

use of the surrogate measure of volatility. This approach addresses the major weaknesses of 

traditional LCSs related to driver behavior and compliance issues and the need to deploy extensive 

infrastructure for communicating lane controls and advisory information. The major contributions 

of this study include: 

 

1. A prototype CAV-enabled LCS was developed that provides lane control inputs to CAVs for 

performing cooperative merging on a freeway section under multiple platoons. This concept 

replaces the traditional LCS and represents the future of active traffic management. 

 

2. Operational benefits of the CAV-enabled LCS under multiple platoons and lane change events 

were quantified in terms of improvement in throughput over the traditional system. A 

calibrated and validated simulation based on a real-world site which had a traditional LCS was 

used to perform this analysis, which strengthens the validity of the comparisons. 

 

3. The novel concept of volatility was used to demonstrate the safety effects of CAV-enabled 

LCS. This concept serves as a surrogate for identifying erratic movement of traffic.  

 

        To achieve these objectives, a 1.5 mile section of freeway from I-66 in Northern Virginia 

(Iteris, 2011) was selected as a case study site and modeled in a VISSIM microscopic simulation 

environment. Three simulation models were developed. A baseline simulation model without LCS, 

a model representing the real-world physical LCS system, and a prototype CAV-enabled LCS. The 

CAV-enabled LCS was finally evaluated and a sensitivity analysis was conducted based on 

different time gaps/headways.  

 

3. LITERATURE REVIEW 

Several studies have been conducted on the evaluation of LCS applications and different lane 

change algorithms. Thus, the literature review section has been categorized into three major sub-

sections. Initially, all the past studies on the traditional infrastructure deployed LCS are provided. 

Second, in-vehicle displays for communicating advisories have been presented. The third 

subsection discusses studies of lane control algorithms focusing on ramp-metering, and lane 
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control studies that involve the use of cooperative adaptive cruise control (CACC) and adaptive 

cruise control (ACC). 

 

3.1 Infrastructure-based/State-of-the-Practice in LCS 

Various studies have analyzed LCS applications, and most past research has examined the 

effectiveness of different ways of conveying information about lane blockages ahead to motorists 

(Khattak et al., 2018b; Khattak et al., 2019b). Ullman et al., (1996) evaluated the effectiveness and 

applicability of different LCS displays. The study found that the standard yellow X was not 

intuitively understood by motorists, and field data showed very little difference in how drivers 

responded to a yellow diagonal arrow and yellow X in a freeway environment. Another study by 

(Harder and Bloomfield, 2012) analyzed the effectiveness of different LCS indications on driver 

behavior and found that the diagonal merge arrow was most effective among all the LCS displays. 

Similarly, Dutta et al., (2014) assessed the effectiveness of LCS for both the MUTCD standard 

yellow X and an experimental diagonal yellow arrow merge LCS indication. They found diagonal 

yellow merge indication to be superior to the standard X indication approved by MUTCD, 

however, the compliance with messages was poor under congested conditions. Jeffers et al., (2015) 

evaluated LCSs deployed in Washington and Minnesota using a driving simulator, involving a 

scenario where the two right lanes of a multi-lane freeway were closed using LCS displays and 

exit ramp on the right was open. The results showed that between 60%-74% of the participants 

were able to successfully exit the specific location through exit ramps under the sign displayed on 

the gantry during the two simulation runs. Rindels et al., (2016) investigated the LCS system for 

incidents on a heavily travelled corridor of an urban freeway on I-94 westbound in Minneapolis. 

They found that LCS impacts driver behavior under capacity reducing incidents and promotes 

effective lane selection. More recently, Dutta et al., (2018) analyzed the impact of LCS on 

macroscopic deceleration profiles approaching an incident. Their analysis revealed that traffic 

decelerated more gradually at I-66 test site with LCS compared to rapid and sudden deceleration 

observed at I-95 control site without LCS. The study concluded that even though sample sizes 

were small, the LCS appears to have a positive impact during incidents. All these studies have 

noted that the effectiveness of such intelligent merging strategies relies on the driver compliance 

level. 

  

3.2 In-Vehicle Displays for Advisory Information 

Some recent studies (Ma and Zhou, 2016; Smith et al., 2015; Sykes, 2016) have used in-vehicle 

devices to provide en-route information to drivers instead of using infrastructure deployments. 

Two studies (Ma and Zhou, 2016; Smith et al., 2015) prototyped a Virtual Dynamic Message Sign 

(VDMS) system to analyze user experience. VDMS was observed to perform better than DMS 

under different conditions, and was not affected by driver age. Similarly, Sykes, (2016) analyzed 

an in-vehicle display of I-66 Active Traffic Management (ATM) system. The advisories and signs 

however, were not real time but pre-programmed. This research tested the in-vehicle device from 

a distraction, desirability and driver behavior standpoint by asking participants to drive through I-

66 corridor in an instrumented vehicle. Participants indicated that speed limit alert was effective 

in altering their speeds and they are more likely to have an in-vehicle technology in their future 

vehicle. The recorded speed data also showed that participants who were traveling above the speed 

limit at the time of alert reduced their speed 10 sec after the alert was provided. Hence, this study 
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concluded that the in-vehicle ATM has significant potential in reducing roadway crashes and 

improving freeway operations.  

 

3.3 Lane Control and CAVs 

Different CAV lane changing algorithms have been developed, mainly with an objective of 

relieving congestion on freeway ramps under varying degrees of automation and communication. 

Choudhury et al., (2007) considered cooperation and competition between target lane drivers using 

a combined merging model. The model was compared to two simpler models, single level gap 

acceptance and explicit forced merging models, and was found to perform better than the two 

simpler models. Choudhury et al., (2009) also extended their past research on merging plans and 

lane change decisions and proposed that the decision to merge depends on the merge urgency, 

driver aggressiveness, and traffic conditions. Another study (Sun and Kondyli, 2010) considered 

vehicle interactions during lane change maneuvers and observed that a new cooperative lane 

change model consistently outperformed the CORSIM lane change model except under off peak 

traffic conditions. Park and Smith, (2012) investigated the effectiveness of a connected vehicle 

application on freeway on ramp merge. They developed a lane changing advisory algorithm to 

encourage early lane changes on mainline and create additional space in ramp merging areas. For 

the best case, 4.3% more vehicle miles of travel were observed. This resulted in speed increase by 

9.3%. The results also indicated that the algorithm was highly dependent on the driver compliance 

and full deployment of connected vehicles was essential to achieve benefits from this algorithm. 

Park et al., (2014) developed a freeway merge control algorithm for smoother merges, and 

implemented the algorithm on an I-66 VISSIM network. The evaluation with 100% compliance 

and market penetration showed an increase in VMT by 6.3% and an average speed increase by 

42.2% for the overall network. Another study (Nie et al., 2016) proposed an incentive-based model 

to generate an optimal decision variable which reflects desirable and undesirable conditions and 

results in either a lane changing or lane keeping decision. They evaluated their algorithm in a 

simulation environment and observed some benefit in term of stability and efficiency, showing 

high potential of the proposed framework. Zhu and Ukkusuri, (2015) developed autonomous 

intersection control model to account for traffic dynamics within a connected vehicle environment. 

            Several studies have focused on the use of cooperative adaptive cruise control (CACC) and 

adaptive cruise control (ACC) to facilitate merge operations. Wei et al., (2013) compared the basic 

and modified ACC with integrated Prediction and Cost-Based (iPCB) algorithm on different types 

of freeway entrance ramp and observed iPCB to perform better. Another study  (Lu et al., 2013) 

developed a cooperative driving algorithm using vehicle characteristics for achieving ramp 

metering without collision and observed it to be effective. Similarly,  Ntousakis et al., (2016) also 

stated that merging on ramps is the main trigger for traffic congestion and proposed trajectory 

planning to help with  safe and efficient highway merges. The proposed algorithm was found to 

be superior to the traditional ACC. Another study (Letter and Elefteriadou, 2017) developed a 

longitudinal freeway merge algorithm to maximize the average speed of fully automated connected 

vehicles. They used a hypothetical freeway merge segment with a single lane and assumed 100% 

fully connected automated vehicles with perfect communications. The algorithm was observed to 

have improve performance of speed, and travel time compared to conventional vehicles. More 

recently, some studies (Hayat et al., 2016; Nilsson et al., 2017; Raboy et al., 2017) have also tested 

their algorithms in the field and observed direct advisory to be more effective compared to 

traditional approaches that don’t consider social behavior. Nilsson et al., (2017) developed a lane 
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change algorithm based on longitudinal motion planning. The research first tested the algorithm 

in a simulation environment under varying traffic with a maximum of 6 vehicles and then in the 

field experiment using a 2013 Volvo V60 car. The field test revealed the significance of their 

algorithm to generate safe and smooth trajectories. Hayat et al., (2016) and Raboy et al., (2017) 

conducted studies with actual vehicles. Hayat et al., (2016) tested the drivers’ response to 

connected vehicle merge advisory. They observed a decrease in perception reaction time direct 

advisory. The lane change time however, was not affected by advisory type or the gap size. Raboy 

et al., (2017) developed a simple lane control algorithm utilizing automated speed control and 

consisting of three vehicles. Once the merge was initiated through a turn indicator and the 

indication was received by the following vehicle, the algorithm adjusted the following and merging 

vehicle speed to create sufficient gap. All drive runs were successfully implemented which 

indicated the success of proposed proof of concept.  

            Some of the recent studies on lane changing control include (Roncoli et al., 2017, 2016, 

2015; Schakel and Arem, 2014; Wang et al., 2014; Zhang and Ioannou, 2017). Roncoli et al., 

(2017) studied lane assignment at bottleneck locations using feedback control, which defined a 

policy aimed at maximizing the throughput at bottleneck locations.  Simulations revealed its ability 

to improve traffic performance and pursue a prescribed lane. Recently, Zhang and Ioannou, (2017) 

studied lane changes by developing a combined model for variable speed limit and lane change 

control. The combined strategy was evaluated in a microscopic simulation environment and 

observed to improve travel time, safety, and have environmental impact under differing traffic and 

incident conditions. Roncoli et al., (2016) studied the coordination of a motorway system using 

hierarchical predictive control model. The concept employs synergies of various measures such as 

ramp metering, variable speed limits, and lane changes. The strategy was found to reduce the 

mainline time and waiting in ramp queues by 9.1% compared to the no control case. Roncoli et 

al., (2015) studied integrated traffic flow control using vehicle communication and automation. 

The strategy consisted of ramp metering, variable speed limits, and lane changing control enabled 

by sensors and actuators. A simulation case study showed an overall improvement of 22.4% in 

total time spent on the network, representing both times travelled and spent queuing on-ramps, as 

opposed to the no control case. Another study (Schakel and Arem, 2014) proposed an in-vehicle 

advisory system to solve sub-optimal traffic conditions by providing advisories on lane, speed, and 

headway from a TMC. The system was evaluated in microsimulation and  a maximum net benefit 

of a 49% reduction in travel time delay was observed. Wang et al., (2014) studied driver assistance 

systems using rolling horizon algorithm. The algorithm derives a non-linear predictive adaptive 

cruise control (ACC) model. The algorithm was tested using the EcoACC system in simulation, 

with control for fuel consumption minimization. The proposed algorithm reduced fuel 

consumption by 18% and improved following behavior as opposed to the traditional ACC system.  

Likewise, Ghiasi et al., (2019) proposed mixed traffic capacity and lane management model for 

CAVs to maximize throughput of multilane highway segment. Ali et al., (2019a) analyzed the 

safety impact of connected vehicle environment during mandatory lane change maneuvers while 

Ali et al., (2019b) developed a game theory-based lane change model for connected vehicles. 

Zhang et al., (2019) analyzed lane changing advisory control for improving lane drop capacity. 

Lin et al., (2019) proposed a cooperative lane changing strategy using transferable utility games 
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framework. They observed that such lane changing improves both individual and social benefits 

without any adverse effects on traffic characteristics. 

 

3.4 Summary  

        In summary, the basic limitation of infrastructure-based deployments is their reliance on 

driver behavior and compliance level. Thus, several lane control algorithms have been proposed 

with varying degrees of communication and automation. However, most of the algorithms have 

been developed for freeway on ramp merging with single lanes while cooperative merging 

behavior between lanes on a freeway section has not been exclusively considered. Moreover, a 

CAV-enabled LCS application, providing direct lane control inputs to CAVs on a freeway section 

currently does not exist. This study fills this literature gap by providing a first attempt to develop 

a CAV-enabled LCS application using data from a real-world site. The performance of the CAV-

enabled application is tested through a comparison with the traditional infrastructure deployed 

LCS application at a real-world site on I-66 in Northern Virginia. 

 

4. METHODOLOGY 

This section presents the three simulation models developed in this research- the CAV-enabled 

LCS application (which was prototyped and is the main focus of this paper), the baseline model 

without LCS and the real-world infrastructure-based LCS model.  

4.1 CAV-Enabled LCS Application  

CAVs utilize wireless connectivity between vehicles (V2V), transportation infrastructure (V2I) 

and system users or travelers. This connectivity provides enormous opportunities for developing 

innovative applications to improve efficiency and safety of transportation systems. Hence, the 

connectivity feature of CAVs was leveraged to develop a prototype CAV-enabled LCS 

application, representative of level 4 automation according to the standards specified by Society 

of Automotive Engineering (SAE) (SAE, 2018). The research team evaluated algorithms 

previously developed by other researchers (Awal et al., 2015; Khan et al., 2014; Letter and 

Elefteriadou, 2017; Sun and Kondyli, 2010) to develop an appropriate algorithm best suited for 

the purpose of this research. The algorithm for the CAV application was implemented using the 

test bed network developed for the study. The algorithm was based on a lane control strategy that 

benefits from connectivity and automation. A basic visualization of the application is shown in 

Figure 2. The concept behind the application is that whenever a Traffic Management Center 

(TMC) identifies an incident or lane closure, it sends out a merge request to the roadside advisory 

unit. Vehicles in specific lanes (that are closed or where merge action is required) and are within 

the communication range, are provided messages using V2I and automation is used to facilitate an 

immediate merge action. Additionally, the vehicles in adjacent lanes are also alerted of the merge 

action through V2V communication to reduce their speeds and create sufficient gaps for the 

merging vehicles in order to maintain safe headways for platooning.   
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FIGURE 2 Visualization of CAV Application  

          Traffic composed of 100% CACC vehicles traveling in platoons with constant headways 

were modeled. The constant headways are enabled through the V2V communication capability of 

CAV environment, which allows the platoon leader to communicate its position along with speed 

and acceleration to the following vehicles. The followers can then maintain a safe time gap or 

headway by reducing their speeds or accelerating in response to the communication of speed and 

distance received from the leader. This allows them to cruise at higher speeds while maintaining 

shorter constant headways. The ACC and CACC car following model developed by (Chou and 

Lu, 2018; Khattak et al., 2019; Khattak, 2019; Liu et al., 2018b; Milanés and Shladover, 2014) 

were adopted along with slight modifications since they have been tested against real-world 

trajectories (Liu et al., 2018a) and a lane change algorithm developed in this study based on the 

LCS application was incorporated. The overall architecture for the application is shown in Figure 

3a, while Figure 3b provides an example lane change scenario. 
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FIGURE 3 (a) Architecture of LCS Application with CACC
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FIGURE 3(b) Example lane change scenario between subject and target vehicle 

4.1.1 Description of the Algorithm 

The algorithm for CAV-enabled LCS shown in Figure 3a consists of two major components; lane 

control and platooning. The step by step decision process for both components are provided below. 

 

4.1.1.1 Lane Control 

From Figure 3a, the lane control component is activated upon detection of an incident. If no 

incident is detected, CAVs keep platooning based on the platooning component shown on the right 

of Figure 3a. When an incident is detected, the following steps occur: 

 

• If an incident is detected, the lane and vehicle for the merge advisory are selected based on 

set of coded scenarios for the LCS.  

• Using the appropriate scenario, the target lane is selected based on the control state for the 

scenario, and the current speed of subject vehicle is checked in the merge zone.  

• If the current speed is less than the minimum speed defined for the CAVs, an active merge 

is initiated and new speeds are estimated for the subject vehicle and target vehicle. The 

merge request is then also sent to the vehicles following the platoon in the adjacent lane in 

order to create sufficient gaps for cooperative merging. The process is repeated in a 

feedback loop. 

 

4.1.1.2 Platooning 

The platooning component is shown on the right of Figure 3a. It operates in three modes (gap 

regulation, ACC regulation, and speed regulation) depending on existing traffic conditions.  

 

4.1.1.2.1 Gap Regulation 

During each time interval, the platooning algorithm checks whether the subject vehicle is part of 

a platoon or not.  If the subject vehicle is within a platoon, it operates in the gap regulation mode. 

The following steps occur for maintaining a safe time gap when a vehicle is within a platoon and 

a merge request is received from the lane control or platooning component.   
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• Leading vehicle data such as speed, acceleration, and location are collected to estimate the 

current time gap or headway. This is used to check whether there is a sufficient gap based 

on any received merge request from the lane control component or vehicles in platoon.  

• The estimated time gap is checked against the required time gap, and the subject vehicle 

follows one of three conditions based on the difference of these time gaps.  

o If the existing time gap is less than the required time gap, the subject vehicle will 

decelerate to create a sufficient gap for the merging vehicle.  

o If the existing time gap is equal to the required time gap, then the subject vehicle 

will maintain its current speed.  

o If the existing gap is greater than the required gap, the subject vehicle will 

accelerate to maintain a safe headway.  

 

4.1.1.2.2 ACC and Speed Regulation Control 

Going back to the first step of the platooning component in Figure 3a, if the subject vehicle is not 

within a platoon then the subject vehicle follows either ACC control or speed regulation. Further, 

the adjacent CACC vehicles are searched and it is determined whether the nearest CACC vehicle 

is within the same lane or an adjacent lane. During this search process, the subject vehicle 

downgrades to the ACC control. The lane and clearance distance determine whether the subject 

vehicle uses the ACC control or speed regulation mode.  

 

• If the adjacent vehicle is in the same lane downstream of the subject vehicle, it is set as a 

leader with ACC control and this information is passed to the other vehicles operating 

under gap regulation in another cycle.  

• If the adjacent vehicle is not within the same lane, then the subject vehicle will follow the 

speed regulation mode.  

• Further, the algorithm searches whether the adjacent vehicle is in a platoon or not. If it is 

not in a platoon, then it is set as a target vehicle for a lane change to form a platoon with 

the subject vehicle.  

• If an adjacent vehicle is in the middle of platoon, the subject vehicle is set for a lane change 

to join the adjacent target vehicle.  

• If the adjacent vehicle is not in the middle of platoon, then the algorithm identifies whether 

it is in the tail of platoon. Merge possibility is identified based on recognition of the vehicle 

in the tail of the platoon and the vehicle is set as a target vehicle for lane change. However, 

if a merge is not allowed, then the search process is again initiated for adjacent CAVs and 

the iterative process repeats in a feedback loop.        
    

 4.1.2 Mathematical Description of Lane Control (LCS) Component 

The mathematical description for the lane control component is provided in this section. The left 

part of the algorithm in Figure 3(a) represents the LCS advisories provided to CAVs. Considering 

a four-lane freeway section with multiple platoons traveling on each lane as shown in Figure 3b, 

the LCS advisory is initiated after detection of an incident in any of the four lanes. For providing 

LCS advisories, four scenarios along with advisories have been coded as: 

• Scenario 1:  Incident that produces a lane closure on lane 1 

• Scenario 2:  Incident that produces closures of lane 1 and 2 
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• Scenario 3:  Incident closes lane 3 only 

• Scenario 4:  Generalized condition representing lane closures of multiple lanes 

If an incident is detected, the lane where the incident is located is identified and target vehicles 

for lane changing are selected. The merge advisory for the LCS algorithm is provided based on 

the reduction of speed for any CACC vehicle (N=1,….n) in the communication range or merge 

zone, which is designed as a speed reduction lane after detection of an incident. This is given by 

equation 1: 

                    𝑣𝑐𝑐𝑠(𝑡) < min 𝑣𝑐𝑐𝑠                                                                                                                         (1)                   

 

        Where, min 𝑣𝑐𝑐𝑠 = 30 𝑚𝑝ℎ was the minimum threshold speed for a CACC equipped vehicle 

assumed in the study and 𝑣𝑐𝑐𝑠(𝑡)= speed of subject vehicle at the present instant of time. The 

minimum threshold was set to keep CACC vehicles cruising with constant headways on the 

network to provide string stable behavior and identify instances where lane changes were required 

due to poor traffic conditions on a particular lane. Whenever a CACC vehicle is detected with such 

a reduction, an active lane change advisory towards a desired target lane is provided based on a 

particular lane closure from a set of scenarios for LCS. An active lane change advisory was used 

to implement lane changes based on the current position of the vehicle. For instance, if an incident 

is identified in lane 1 in Figure 3b, an advisory for scenario 1 is initiated and that lane is selected 

for closure. Vehicles in lane 1 that reach the merge zone are selected as the target vehicles and 

provided an active merge advisory to merge into the target lane 2. Likewise, lane change advisories 

are provided based on incidents in any particular lane as given by equation 2. 
 

             𝐿𝑎𝑐𝑡𝑖𝑣𝑒 = {𝛾, 𝑇𝑙𝑎𝑛𝑒 , 𝜃𝑑𝑒𝑠}                                                                                        (2) 

 

 Where 𝐿𝑎𝑐𝑡𝑖𝑣𝑒 represents the active lane change advisory, which was specified for three 

conditions including target lane, lane change indication, and lane change angle. For lateral 

movements, the vehicle can perform three possible maneuvers in the traffic stream (either stay at 

its current lane or move in the left or right direction). This lane change indication for lateral 

movement was provided by 𝛾. A 𝛾 value of -1 initiates an advisory for performing a lane change 

maneuver towards right, a value of +1 initiates an advisory for performing a lane change maneuver 

towards left, and a value of 0 indicates no lateral movement or lane change. 𝑇𝑙𝑎𝑛𝑒 represents the 

target lane, which is calculated using equation 3. 

               𝑇𝑙𝑎𝑛𝑒 = 𝑐𝑙𝑎𝑛𝑒 ± 1                                                                                                           (3) 

 

 𝑐𝑙𝑎𝑛𝑒 represents the current lane occupied by the vehicle and the desired lane change angle 

𝜃𝑑𝑒𝑠 is calculated using equation 4 where 𝜃 represents the current lane angle. 

                                𝜃𝑑𝑒𝑠 =  𝜃 ∗ 𝐿𝑎𝑐𝑡𝑖𝑣𝑒                                                                                                           (4) 

  Considering the example lane change scenario in Figure 3b, where the subject vehicle in 

lane 1 wants to make a lane change towards target lane 2, vehicles in the target lane (𝑇𝑙𝑎𝑛𝑒) that 

are operating as a platoon are also sent a merge request to create gaps by decelerating using 

equations 5-6 and allow cooperative merging. The deceleration is based on a collision avoidance 
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algorithm and is also utilized during lane changes within platoons and for maintaining a safe time 

gap. The collision avoidance is a kinematics based Forward Collision Warning (FCW) algorithm 

developed by Collision Avoidance Metrics Partnership (CAMP) with the goal of determining 

minimum safety distance required to stop safely under various levels of rear end crash risk 

(Deering, 2002; Kiefer et al., 2005). The algorithm generates a linear function for expected 

deceleration considering movements of involved vehicles. In case of the presence of multiple 

vehicles in the target lane, CACC vehicles may also join platoons on adjacent lanes. Thus, vehicles 

on adjacent lanes are also provided merge requests to create gaps based on equations 5 and 6. The 

decision for CAV vehicles to leave their existing platoons and join platoons in adjacent lanes, 

however, is based on the incentive of speed improvement in adjacent lanes. 

𝑑𝑒𝑟𝑒 = 𝑘0 + 𝑘1. 𝑑𝑒1 + 𝑘2. 𝑞(𝑙𝑒𝑎𝑑𝑒𝑟 𝑖𝑠 𝑝𝑟𝑒𝑠𝑒𝑛𝑡) − 𝑘3. (𝑣𝑐𝑐𝑠 − 𝑣1)                                 (5)      

                                         𝑞 = {
1    𝑣1 > 0

0   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                                                      (6) 

  

Where dere is the required deceleration rate of the subject vehicle to avoid a rear end 

collision (in g), de1 is the deceleration of the preceding (leading) vehicle (in g), q represents the 

presence of leader, vccs is the speed of preceding vehicle, and v1 is the speed of the leading vehicle. 

The k0, k1, k2. and k3 terms represent the constant and coefficients of the linear function. Their 

values have been chosen as (k0= -0.165, k1=0.685, k2= 0.080, k3= 0.00889) based on the CAMP 

study which tested leader and follower interactions under different conditions and safety critical 

event on a test track. Further, these values were later validated by simulator studies (Liu et al., 

2018a; Wang et al., 2016) and also provided reasonable behavior in the current study. Equation 6 

provides the value for q, which is 1 in the presence of a leader having speed greater than zero and 

otherwise zero.     

 The required deceleration from the above equation provides the deceleration rate to avoid 

collisions between the preceding vehicle and the subject vehicle. With 𝑑𝑒𝑟𝑒 ≥0, the current gap 

would be sufficient and no braking would be required. However, with 𝑑𝑒𝑟𝑒 less than zero, the 

preceding vehicle decelerates prior to the subject vehicle in order to achieve a required gap, which 

is given by (Liu et al., 2018b): 

                                             𝑔𝑎𝑝𝑟𝑒 = max (0,
𝑣𝑐𝑐𝑠

2

−2.𝑑𝑒𝑟𝑒.
−

𝑣1
2

−2.𝑑𝑒1.
 )                                                          (7) 

The new speeds for subject vehicle S and target vehicle T shown in the example lane change 

scenario in Figure 3b are calculated based on equations 8 and 9. 

         𝑣𝑡
𝑛𝑒𝑤 = {

max(𝑣𝑡
𝑜𝑙𝑑 − 𝑑𝑒𝑟𝑒 ∗ 1, 𝑣𝑠

𝑜𝑙𝑑 − 𝑏𝑡 ∗ 𝑑𝑒𝑟𝑒 ∗ 1)            𝑣𝑡 > 𝑣𝑠

 (𝑣𝑡
𝑜𝑙𝑑 −  𝑏𝑡 ∗ 𝑑𝑒𝑟𝑒)                                                      𝑣𝑡 ≤ 𝑣𝑠 

                      (8) 

         𝑣𝑠
𝑛𝑒𝑤 = {

𝑚𝑖𝑛(𝑣𝑡
𝑜𝑙𝑑 + 𝐴𝑚𝑎𝑥 ∗ 1, 𝑣𝑠

𝑜𝑙𝑑 + 𝑑/1.0)                        𝑑 > 0

 max (𝑣𝑠
𝑜𝑙𝑑 −  𝑑𝑒𝑟𝑒 ∗ 1, 𝑏𝑡 ∗ 𝑣𝑠

𝑜𝑙𝑑 + 𝑑/1.0               𝑑 ≤ 0
                         (9) 

 

        Where, 𝑣𝑡
𝑛𝑒𝑤 and 𝑣𝑠

𝑛𝑒𝑤 represents the new speeds of target and subject vehicles, 𝑣𝑡
𝑜𝑙𝑑 and 

 𝑣𝑠
𝑜𝑙𝑑 represents the existing speeds of target and subject vehicles, 𝑑𝑒𝑟𝑒 is the required deceleration,  
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𝐴𝑚𝑎𝑥 is the maximum acceleration for the traffic flow, 𝑏𝑡 is the deceleration parameter for subject 

vehicle (S) calibrated in the model=0.54, and d is the distance from position of subject vehicle S 

to the center of required gap 𝑔𝑟𝑒. 

            Using the above rules, the LCS for the appropriate scenario is defined based on the existing 

traffic conditions. For instance, scenario 2 is defined for the case of incident detection in both lane 

1 and 2 while LCS for scenario 3 is defined for the case of an incident in lane 3. The fourth scenario 

(other) shown in Figure 3a is defined for multiple cases with lane closures and geometric 

conditions, where the number of lanes are initially picked and then the incident lane is selected for 

providing lane control advisories. However, only the first three scenarios will be used in this paper 

as case studies to demonstrate the improvement in operations and safety since real-world data was 

available to calibrate and validate the simulation model for these scenarios. It should be noted that 

in the cases of no incident, the LCS advisory is not initiated as shown on the left part of the 

algorithm in Figure 3a, and the vehicles keep traveling in platoons based on the right section 

(platooning component) of Figure 3a. It is expected that with this type of cooperative lane control 

advisory and efficient flow of CAVs with small headways, more vehicles can be processed through 

the network.  

4.1.3 Mathematical Description of Platooning Component 

The right part of the algorithm describes the platooning component of the model and the 

mathematical description for the platooning component is provided in this section. CACC vehicles 

operate in three modes 1) speed regulation, 2) ACC control, or 3) CACC leader/follower gap 

regulation mode. During each update interval, the algorithm searches whether the subject vehicle 

is within a platoon or not. When the subject vehicle is in a platoon, it operates under the CACC 

string leader or follower gap regulation mode (Liu et al., 2018b) with a time gap less than 2s. The 

speed and acceleration for CACC car following are estimated by equations 10-11.  
                               

                                   𝑣𝑐𝑐𝑠(𝑡) = 𝑣𝑐𝑐𝑠(𝑡 − ∆𝑡) + 𝑔𝑝𝑒𝑝(𝑡) + 𝑔𝑑𝑒′𝑝𝑡                                                  (10)          

                                             

                                 𝑎𝑐𝑐𝑠(𝑡) = (𝑣𝑐𝑐𝑠 − (𝑣𝑐𝑐𝑠(𝑡 − ∆𝑡))/∆𝑡                                                        (11)           
Where,   

𝑎𝑐𝑐𝑠= recommended acceleration of subject vehicle (m/s2) 

∆𝑡=time step for each update interval 

𝑔𝑝 and 𝑔𝑑 represent adjustment gains for following and preceding vehicles time gap (𝑔𝑝=0.45𝑠−1 

and 𝑔𝑑 = 0.0125𝑠−1) 

 

         The adjustment gains (𝑔𝑝 and 𝑔𝑑) adjust the time gap corresponding to the preceding vehicle 

and the final values used were calibrated on multiple iterations within the model. The objective of 

the gap regulation mode is to optimize the gap error 𝑒𝑝, thus providing a constant time gap 

following policy. During modeling, this gap error 𝑒𝑝 and its derivative 𝑒′𝑝 provided in equations 

(12)-(13) are used in calculating the speed during each control cycle. If no lane control request is 

received from the LCS component during this operation, as shown in Figure 3a, the leading vehicle 

data is collected to estimate the existing gap. Based on the difference between existing and required 

gap, decisions to accelerate or decelerate based on equation 5-7 are made in order to maintain a 

safe required gap. 
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                                                𝑒𝑝(𝑡) = 𝑠(𝑡 − ∆𝑡) − 𝑡1𝑣𝑐𝑐𝑠(𝑡 − ∆𝑡) − 𝑑                                                  (12) 

                                    𝑒′
𝑝(𝑡) = 𝑣1(𝑡 − ∆𝑡) − 𝑣𝑐𝑐𝑠(𝑡 − ∆𝑡) − 𝑡1𝑎𝑐𝑐𝑠(𝑡 − ∆𝑡)                                 (13)       

   

  Where t1 is the constant time gap between subject vehicle and last vehicle of the preceding 

CACC string, 𝑠=bumper to bumper distance between subject and preceding vehicle (m), and 

 𝑑=length of preceding vehicle (m). 

 

Similarly, from Figure 3a, when the CACC vehicle is not in a platoon, it keeps searching for 

other equipped vehicles to form a platoon. During this period, the subject vehicle downgrades to 

the ACC car following mode (Liu et al., 2018b) given by equation (14) with a time headway greater 

than 2s.  

 

                                                 𝑎𝑐𝑐𝑠 = 𝑔1(𝑠 − 𝑡ℎ𝑣𝑐𝑐𝑠 − 𝑑) + 𝑔2(𝑣𝑖 − 𝑣𝑐𝑐𝑠)                                    (14)      
𝑤ℎ𝑒𝑟𝑒, 
𝑑=length of preceding vehicle (m) 

𝑔1= position difference gain between subject and preceding vehicle (0.24𝑠−2) 

𝑔2= speed difference gain between subject and preceding vehicle (0.006𝑠−1) 

𝑡ℎ  = time gap desired for  ACC controller (s); taken from past studies (Chou and Lu, 2018)  

𝑣𝑖=current speed of preceding vehicle (m/s) 

         

The position and speed gain were obtained based on absolute error of simulation speeds 

from the current study and real speeds from field tests in the study by (Milanés and Shladover, 

2014) since the speed profiles from the field study were traceable and provided string stable 

behavior. The values of 0.24𝑠−2 and 0.006𝑠−1 resulted in minimum absolute error and were used 

in the final model. Likewise, from second part of the platooning component in Figure 3a, if an 

equipped vehicle is determined to be in the same lane, it is set as a platoon leader and the vehicle 

data such as speed, acceleration, and distance are collected in order to estimate the headway. 

During this period, the subject vehicle operates under ACC control provided in equation 14.  

Finally looking at part C of the platooning component in Figure 3a, if an equipped vehicle 

is detected in an adjacent lane, the vehicle in the adjacent lane is set as a leader and the lane is set 

as a target lane 𝑇𝑙𝑎𝑛𝑒 for lane change initiation with an active merge advisory based on equations 

1-4. In this case, the vehicle is in the tail of the platoon. Merge possibility is identified, and then 

based on the possibility of merge, either a merge request is sent and the vehicle is set as a target 

vehicle or CACC vehicles are again searched for in the adjacent lanes. During all these search 

periods for a platoon leader, a CACC vehicle downgrades to ACC control given by equation 14. 

This also helps the subject vehicle avoid collision with the following vehicle. However, the 

decision between ACC control and speed regulation is based on clearance distance between the 

subject and the preceding vehicle. If the clearance threshold is greater than 120m between the 

subject and preceding vehicle, the subject vehicle follows the speed regulation mode (Liu et al., 

2018b) given by equation 15. The gain in equation 15 was also calibrated on multiple iterations 

within the model. If the calculated headway is less than the required headway threshold, then 

deceleration is initiated by the following vehicle using equations 5-7. On the other hand, if the 

headway is equal to the required headway threshold, then the following vehicle maintains the 

current traveling speed. If the headway is greater than the required headway threshold, then the 

follower accelerates in order to maintain the constant headway. Further, if the clearance distance 
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is between 90-130m then a hysteresis loop is implemented that allows the use of the car following 

model from previous time step. It also allows for a smooth transition between car following rules. 

                                      𝑎𝑐𝑐𝑠 = 𝑔3(𝑣𝑓 − 𝑣𝑐𝑐𝑠)                                                                                          (15)     

Where, 

𝑔3= gain in difference of speed between free flow speed and subject vehicle’s current speed (0.4𝑠−1)   

𝑣𝑓 = free flow speed (m/s) 

4.1.4 Study Assumptions 

The following assumptions were made in this study for enabling the lane control and 

platooning through CAVs. 

1. The minimum speed threshold for CACC vehicles was assumed to be 30 mph in this 

study. This was selected to keep CAVs cruising with constant headways on the 

network in order to provide string stable behavior and identify instances that required 

lane change activation. 

2. The study considered a vehicle fleet consisting of 100% fully connected and 

automated vehicles equipped with communication devices. This assumption was 

made to examine the best-case scenario for CAV-enabled LCS, and also allows 

traditional gantries to be fully replaced with CAVs having in-vehicle advisories. 

3. The study assumed perfect communication with no packet drops or communication 

delays. While realistically, some communication delays are expected, this 

assumption was made for ease of computation. 

4. The speed reduction zone is equipped with controller that provides LCS and speed 

advisories to CAVs. This is necessary for controlling CAVs on the network and 

providing advisories. 

5. The study assumed level terrain and no heavy vehicles. This assumption was made 

since urban freeways usually have a low proportion of heavy vehicles and are 

predominantly level. 
 

4.2 Performance Metrics 

The CAV-enabled LCS model was evaluated using performance metrics of throughput and speeds. 

Furthermore, additional metrics of driving volatility (Khattak and Wali, 2017; Wang et al., 2015) 

used to evaluate performance of the modeled application. Driving volatility (Kamrani et al., 2018; 

Wang et al., 2015) reflects variations in acceleration, deceleration and speed. This measure 

represents the erratic movements leading to safety risks and lower comfort. Two measures of 

volatility (coefficient of variation and time varying stochastic volatility) were used in this study 

since have shown these to best represent the performance of CAVs in terms of volatility (Kamrani 

et al., 2018; Wang et al., 2015).  

        The coefficient of variation shown in equation (16) represents a measure of dispersion. 

                                          𝐶𝑣 =
𝑆.𝐷

𝑥̅
∗ 100%                                                                                                       (16)                                               

           Where standard deviation is represented by S.D and mean is provided by 𝑥̅. 

          Furthermore, time varying stochastic volatility was also assessed. This has been commonly 

used to show volatility in prices of assets over time (Babalos et al., 2015; Figlewski, 1994) in 
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finance but has recently been employed in transportation (Kamrani et al., 2018) to estimate 

volatility in driving speeds over time, shown in equation (17). 

                      𝑉𝑡 = √
1

𝑘−1
∑ (𝑟𝑡 − 𝑟)̅2𝑘

𝑡=1         for K=1 to k                                                                         (17) 

                                     Where 𝑟𝑡 = 𝑙𝑛 (
𝑆𝑡

𝑆𝑡−1
) ∗ 100                                                                                       (18) 

      𝑆𝑡 and 𝑆𝑡 − 1 represents the current and previous observations (instantaneous speeds in this 

case). Coefficient of variation was applied to speed, acceleration and deceleration while time 

varying stochastic volatility was applied to speed only since using it for negative values of 

acceleration is inconsistent with the theory. 

4.3 Simulation Framework for CAVs and Traditional LCS  

The External Driver Behavior Model in the microsimulation software VISSIM was used to model 

the CAV application, replacing the existing driver behavior model in VISSIM. The new driver 

behavior was coded through C++ to generate a new Dynamic Link Library (DLL). VISSIM 

collects information on all vehicles in the network and sends it to the DLL during each time step. 

The behavior of the vehicles is then determined by the DLL based on specification of the user 

defined algorithm (CAV-enabled LCS in our case). The updated state and behavior of the vehicle 

is then passed on to VISSIM for the next simulation period. Furthermore, VISSIM itself was 

invoked through C# and incidents were also modeled in C#. 

          The demand volume for LCS was estimated through an iterative process. Since the volume 

data from the real-world was collected for entering and exiting vehicles at detector 1 and 2, several 

simulation runs were conducted, starting with a low input volume and increasing the input demand 

until the entering volume observed at detector 1 from the simulation matched the entering volume 

from the field. The driver behavior model was already calibrated for the baseline model thus, it 

was not modified any further for the infrastructure-based LCS while for CAVs, the CAV user 

defined driver behavior (defined by the authors) was used. A total of 15 simulation runs with 

random seeds were conducted for each strategy to select the final input volume once the potential 

volume was identified on the initial trials. The calibration of the baseline simulation model without 

LCS and the simulated and the real-world LCS models are provided in the following sections. 

4.3.1 Baseline Simulation without LCS 

A section of I-66 in Northern Virginia shown in Figure 4 was selected and modeled using the 

microsimulation software VISSIM. This section was used to simulate the traditional LCS model 

and the CAV-enabled LCS. The study site consists of one High Occupancy lane (HOV) and three 

general purpose lanes (GPL) with a speed limit of 65 mph. Three days (Jan 3-5, 2018) of field data 

were collected from detectors installed at two positions near the link entrance and exit while no 

LCS or VSL messages were displayed during this period. The data were aggregated to account for 

day-to-day variation in traffic and used for calibration. The network was calibrated to I-66 base 

conditions such that volume and speeds observed from the simulation model were within ±10% of 

field observed values. For this purpose, each of the parameter in the Wiedemann 99 driver behavior 

model was individually changed between the range of ±30% while keeping the rest of the 

parameters fixed (Park and Won, 2006; Sun and Kondyli, 2010). Thus, the group of parameters 

that generated values of volumes and speeds close to the field values were finally selected as shown 

in Table 1. The calibrated values were also compared to an I-66 calibrated model available from 
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Federal Highway Administration (FHWA) though the USDOT's JPO Open Source Application 

Development Portal (OSADP) (http://itsforge.net/) and were found to be well aligned with those 

values. The other parameters from Wiedemann 99 model were not changed since the calibration 

criteria was met.  

 

FIGURE 4 Study Site from I-66 in Northern Virginia 

TABLE 1 Wiedemann 99 Driver Behavior Model Parameters for Calibration 

Parameter 

                                                                                            

Default Value 

in VISSIM 

Calibrated 

Value 

CC0 (Standstill Distance) 4.92ft 8.67ft 

CC1 (Headway Time) 0.90 s 1.54s 

Waiting time before diffusion 60s 30s 

Safety distance reduction factor 0.60 0.10 
*Maximum deceleration for cooperative braking -9.84ft/s2 -23.15 ft/s2 

*Recommended value is 70-100% (PTV, 2014) of 32.2ft/s2 (acceleration due to gravity) 

            After final calibration, both the average volumes and speeds were found to be within ±5% 

of field values as shown in Figure 5. The GEH statistic (Holm et al., 2007) values were also below 

5, representing a well calibrated model. One will note that the volumes in Figure 5 are well below 

capacity, which on the surface is unusual for a congested urban freeway corridor. The researchers 

therefore, investigated these volumes for data quality issues by comparison with other VDOT 

sources (including the Smarter Roads portal- containing real-time raw sensor data, updated every 

minute and manual counts from VDOT cameras) and found them to be consistent. Thus, no 

undercounting exists. Finally, a downstream bottleneck generated by vehicles merging on and off 

ramps and incidents located around 0.4-1.0 miles from the second gantry may be responsible for 

this reduction of flow. A multivehicle incident was also identified over the study section on Jan 

3rd and a speed reduction zone was modeled to capture the dynamics of traffic during the incident 

period. Thus, the model was calibrated to the behavior observed on this segment and captures the 

http://itsforge.net/
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varying conditions and dynamics of traffic. However, the driver behavior observed under LCS on 

other segments may vary and a comparison with multiple segments may be required to observe a 

truly transferable behavior. The maximum simulation runs were selected based on the FHWA 

(Holm et al., 2007; Hu et al., 2015) approved formula for minimum sample size selection in 

equation 19.  

                   𝑁 = 1.962 ∗
𝑆.𝐷

(𝑥̅∗𝐸)^2
                                                                                                     (19) 

      Where 1.96 represents 95% confidence level, S.D is the sample standard deviation, 𝑥̅ is the 

sample mean and E represents the tolerance error (10% in this research). 

 

a) Field Vs Simulation Volume 

 

b) Field Vs Simulation Speed  

FIGURE 5 Calibration Results for Field Vs Simulation 
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           The calibrated model was later validated to determine the extent to which the model 

represented true system dynamics under different traffic conditions. For this purpose, traffic data 

from a different day (Jan 8, 2018) were used to simulate the model. The results for comparison of 

volumes between field data and simulation data are shown in Figure 6. These were within ±5% of 

field values. 

     

FIGURE 6 Validation Results for Field and Simulation Volume Comparison 

4.3.2 Real-World and Simulated LCS 

The research also modeled the I-66 LCS within the simulation package VISSIM.  A real-world 

LCS was operational on I-66 and uses four indications (a red X indicating closed lane, a green 

arrow indicating lane is open for travel, and left or right diagonal merge signs). Real-world data 

were collected for the LCS through collection of Traffic Operations Center (TOC) activation logs 

for specific gantries. The logs from (Nov 2017-Feb 2018) period were initially screened for 

selection of specific gantry locations (gantry 1 and gantry 2 shown in Figure 4) to select similar 

scenarios displayed over multiple days and times. The scenarios from September 2017 onwards 

used for further analysis are shown in Table 2. 

 
TABLE 2 Scenarios from TOC logs (Nov 2017-Feb 2018) 

Strategy # Gantry # Strategies Time of Day Days of 

Replications 

Incidents 

matched 
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Gantry 1 
  
   1        2      3       4 

Morning (7:30-10:30 AM) 4 4 

 

 

Gantry 2 

 

 
  1         2        3      4 

 

Morning (8-11 AM) 

 

4 

 

4 

3 

Gantry 1 

 

 
   1      2        3      4 

 

Morning (7:30 AM) 

 

1 

 

1 

 

Mid-day (2:20 PM) 

 

1 

 

1 

Gantry 2 

 

 
   1       2        3      4 

 

Morning (7:30 AM) 
1 1 

Mid-day (2:20 PM) 
 

1 

 

1 

 
       The identified days and time period from Table 2 were later used to collect traffic data by 

specifying the mile markers to observe vehicles that entered the roadway segment selected for the 

study (e.g. before gantry 1 at detector A) and measuring the throughput achieved at the downstream 

section (e.g. after gantry 2 at detector B). The detector data were collected from Internet 

Performance Measurement (iPeMS) (http://vdot.iteris-pems.com/portal) portal maintained by 

Virginia Department of Transportation (VDOT) while the incidents were matched through 

Regional Integrated Transportation Information System (RITIS) portal.   

      After collecting the real-world data for the three selected scenarios, the calibrated model from 

previous section was utilized for coding the LCS in VISSIM. The testbed network shown in Figure 

7 mimics the I-66 system, consisting of a 1.5-mile segment of a freeway corridor with four lanes 

in one direction. The lane control policy was decided based on scenarios collected from the real-

world data while the LCS was modeled using VISSIM API and C# language. The system is a slight 

modification of previous model developed by the authors (Khattak et al., 2018c). This policy for 

LCS is consistent with LCS used for operation on I-66 (Iteris, 2011). The states for LCS were 

transferred back to the VISSIM network for developing a feedback loop that operated in continuity. 

The lane control was activated once the incident was detected based on the following algorithm. 

 
Algorithm 1. Traditional LCS Operation 

1. Start 

2. Define lanes; i, j, k, l = lane 1, lane 2, lane 3, lane 4; u=speed, t=current time, t-

1=immediately preceding instant of time, c=constant, Mi=lane control recommendation on 

lane under consideration at gantry 2, Mj =lane control recommendation on lane under 

consideration gantry 1, Mk= lane control recommendation on lanes not under consideration 

3. If u= =0 or ut< c*ut-1 

4.  If u= =0 and lane =i; then Mi= lane closed, Mj=merge right and Mk =lane open 

5. else if u= =0 and lane = j; then Mi=lane closed, Mj= merge left or right and Mk= lane open 

6. else if u= =0 and lane =k; then Mi=lane closed, Mj= merge left or right and Mk = lane open 

7. else if u= =0 and lane =l; then Mi=lane closed, Mj= merge left and Mk= lane open 

8. else u ≠ 0 and lane = i , j, k, l; then Mi=lane open, Mj=lane open and Mk=lane open 

9. end 
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        The lane control advisory was provided based on the rules defined in the above algorithm. 

The driving behavior was also controlled according to the selected LCS using the VISSIM API. 

The vehicles required to comply with the LCS were controlled to conduct lane merging as required 

by the LCS and were not allowed to travel in specific lanes when the LCS indicated a lane closure. 

This decision, however, was based on the compliance rate observed in the real-world data. The 

compliance rate refers to the vehicles changing lanes between the two gantries displaying merge 

signs (an average of 40%). The spatial lane change along the corridor was based on the Wiedemann 

99 driver behavior model, however, and was not dependent on the percent of compliant and non-

compliant vehicles. It is worth noting that VISSIM will remove vehicles unable to make lane 

changes after waiting for a maximum amount of time. This behavior was governed by the VISSIM 

parameter “waiting time before diffusion”, and was specified as 30s. This behavior primarily 

occurred during the traditional LCS simulations, and is indicative of the larger levels of congestion 

present during those simulations. 

 

 

FIGURE 7 VISSIM Network with Lane Control States   

 

5. EVALUATION RESULTS   

This section presents the evaluation results based on 15 replications of each of the simulation runs, 

each of which used a warmup period of 2 mins prior to the start of data collection. The number of 

simulation runs were selected using equation (19). Two sets of data are available for the traditional 

LCS, i.e. the actual traffic data collected when the system operated on I-66 and the traffic data 

obtained from simulation. The CAV-enabled LCS is further compared to the traditional LCS based 
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on the conditions observed in the real-world and the case study scenarios used are also presented 

in this section. 

 

5.1 Case Study Lane Control Scenarios 

The performance evaluation of the prototype CAV-enabled LCS application against the traditional 

gantry operated LCS application was conducted for three scenarios selected as a case study shown 

in Figure 8. The comparison was conducted using similar conditions and the three scenarios used 

are provided below. 

• Scenario 1: Lane 1 is closed and a merge advisory is provided at the location of gantry 1 

while a closed lane advisory is provided at location of gantry 2. The network has an incident 

at downstream section at a distance of 0.2 miles from the second gantry. 

• Scenario 2: Both lane 1 and lane 2 are closed due to an incident at the downstream section 

at a distance of 0.2 miles from the second gantry. Merge advisories are provided on both 

lane 1 and lane 2 while lane closed advisories are provided on both lanes at the second 

gantry location. 

• Scenario 3: Lane 3 is closed due to an incident at the downstream section. A merge left or 

right advisory is provided at location of gantry 1 while lane closed advisory is provided at 

location of gantry 2.  

 

 
FIGURE 8 (a) Scenario 1 with closure on Lane 1 
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FIGURE 8 (b) Scenario 2 with closures on Lane 1 and Lane 2 

 
FIGURE 8 (c) Scenario 3 with closure on Lane 3 

Although, it is possible to use any combination of scenarios as shown in Figure 3(b), these 

three specific scenarios were selected as a case study to demonstrate the impact of CAV-enabled 

LCS as opposed to the traditional system since real-world data was available for these specific 

scenarios. The data available included traffic operations center logs for activation of these 

advisories and the traffic data and conditions observed for performance under the traditional LCS. 

These data were used to calibrate and validate the simulation model and helped in performing a 

realistic comparison of the CAV-enabled LCS as opposed to the traditional system. 
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5.2 Analysis of Throughput using Platooning 

Although past research showed benefits of platooning and automation (Stern et al., 2018; 

Talebpour and Mahmassani, 2016), lane changes need to occur based on prior information on 

incidents and lane closures.  As a result, platooning alone without lane control is likely to provide 

small improvement for the scenarios being evaluated in this paper. To test this hypothesis, the 

authors analyzed platooning (CACC and ACC control) discussed in the previous section, without 

any lane control policy to see whether it could offer some level of improvement in traffic 

conditions in terms of vehicular throughput. The results for the three tested scenarios are provided 

in Figure 9.   

           Figure 9 reveals that although some level of improvement is observed with platooning 

(since shorter headways result in more vehicles being processed through the network), the vehicles 

in the closed lane keep traveling until they reach the incident location, leading to queue formation. 

Thus, some volume on the closed lanes is not processed, which negates the impact of platooning 

and leads to a loss of efficiency. The worst case is observed in scenario 2, where two lanes are 

closed due to an incident. During scenario 2, platooning does not appear to provide any 

improvement as opposed to the traditional gantry deployed LCS. This may be attributed to the 

queues generated over two closed lanes, and thus lane control is necessary to observe any 

substantial benefits under such lane blocking incidents. 

 

 
Figure 9 Observed Throughput using Platoons with not lane control Policy  

5.3 Analysis of Volume Throughput with CAV-enabled LCS 

It is important to note that a CAV-enabled LCS is expected to outperform traditional LCS in terms 

of throughput given that automation prevents the inefficiencies caused by uncertain driver 

behavior. Thus, the results of this analysis are significant in terms of identifying the level of 

improvement provided by introducing CAV-enabled LCS application. Figure 10 shows the 

throughput measured in each scenario, revealing that CAV-enabled LCS outperforms the 

traditional real-world LCS and the baseline case for all three scenarios. More detailed results are 
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provided in Table 3-5. The results for traffic throughput observed with all three scenarios in terms 

of difference between the traffic entering at the location of detector 1 before the first gantry and 

the volume pushed through the network at detector 2 after the second gantry are shown in Table 

3-5. The throughput shown is based on comparison with the real-world conditions observed at the 

study site. A sensitivity analysis was also conducted based on 1, 1.5 and 2 sec headways. The 

results in Table 3-5 are average of all simulation runs and are provided for 1s, 1.5s and 2s headway 

separately. The throughput results are statistically significant. 

        Table 3 shows the results for scenario 1 with only lane 1 closed due to an incident at the 

downstream section of the freeway section. For scenario 1, the CAV-enabled LCS outperformed 

the traditional gantry operated LCS application. Although, a large difference was not observed 

between the throughout from real-world LCS and the baseline case, the difference was clear for 

the CAV-enabled LCS. The largest improvements of 22.3% and 18.4% were observed with the 

CAV application compared to the baseline and real-world operated LCS for the best case of 1 s 

headway. This improvement in performance suggests that the network was not operating at 

capacity but a queue was piling up at the incident location in case of the traditional LCS, which 

was leading to a reduced throughput.  

 

 
Figure 10 Observed Throughput Across Three Scenarios with CAV-enabled LCS, Times in parentheses represent headways in 
platoons. 

Table 3 Throughput Results for Scenario 1 lasting 45 mins 

Control 

Type 

 

Volume Entering at Detector 1 

 

Throughput at Detector 2 

Veh/hr 
% Change  

p-value 
Veh/hr 

% Change 

p-values 

Baseline 3515 
Compared 

Against 
NA 2900 

Compared 

Against 
NA 

Real-World 

LCS 
3528 

0.36 

>0.11 

Compared 

Against 
2995 

3.2 

<0.05 

Compared 

Against 

CAV-enabled 

LCS (1 s) 
3550 

0.99 

>0.11 

0.63 

>0.11 
3547 

22.3 

<0.01 

18.4 

<0.01 
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CAV-enabled 

LCS (1.5 s) 
3547 

0.9 

>0.11 

0.91 

>0.11 
3528 

21.7 

<0.01 

17.8 

<0.01 

CAV-enabled 

LCS (2 s) 
3548 

0.9 

>0.11 

0.6 

>0.11 
3489 

20.3 

<0.01 

16.5 

<0.01 

 

         Similarly, the results for scenario 2 in Table 4 shows the worst case with much reduced 

capacity of the network due to two lane closures. However, since the network was still not 

operating at capacity as observed from the real-world conditions, the CAV-enabled LCS was again 

able to outperform the traditional real-world LCS for all headways tested. The throughput observed 

in this scenario is higher since the input flow observed from the real-world was higher during this 

scenario. The highest improvement in throughput was 18.6% and 9.6% compared to the baseline 

and real-world LCS conditions. The improvement in performance observed is almost half of the 

case with single lane closure and for 2 sec headway, an improvement of only around 3% was 

observed compared to the real-world LCS. This is due to the merging vehicles from two lanes 

causing repeated slow down and acceleration of platoons. Under differing conditions, we may not 

even see such an improvement but since the goal of this research was to test the performance of 

CAV-enabled LCS against the conditions observed in real-world, the system was not tested under 

capacity. 

 
Table 4 Throughput Results for Scenario 2 lasting 60 mins 

Control Type 

 

Volume Entering at Detector 1 

 

Throughput at Detector 2 

Veh/hr 
% Change 

p-value 
Veh/hr 

% Change 

p-value 

Baseline 
 

3807 

Compared 

Against 
NA 3242 

Compared 

Against 
NA 

Real-World 

LCS 
3791 

0.42 

>0.11 

Compared 

Against 
3408 

5.12 

<0.05 

Compared 

Against 

CAV-enabled 

LCS (1 s) 
3850 

1.1 

>0.11 

1.5 

>0.11 
3734 

18.6 

<0.01 

9.6 

<0.01 

CAV-enabled 

LCS (1.5 s) 
3848 

1.0 

>0.11 

1.08 

>0.11 
3644 

12.4 

<0.01 

6.9 

<0.01 

CAV-enabled 

LCS (2 s) 
3845 

1.0 

>0.11 

1.4 

>0.11 
3521 

8.6 

<0.01 

3.3 

<0.05 

 

        The results for scenario 3 in Table 5, with third lane closed due to an incident at the 

downstream section of the network also suggests the dominance of CAV-enabled LCS application 

over the real-world LCS. For the best case, the throughput was improved by 15% and 12.8% 

compared to the baseline and real-world LCS. Comparing the three scenarios, scenario 1 represents 

the best case with an average throughput improvement of 17.57%. Differences for scenarios 2 and 

3 are 10.97% and 6.04%, respectively. The scenario 2 results are expected due to two lane closures 

causing sudden slowdowns of vehicles on the network. The improvement in throughput for 

scenario 3 is lower compared to scenario 1 since a middle lane is closed to traffic, resulting in 

greater number of lane changes. It is also important to emphasize that the parameter selection such 
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as platoon size, acceleration, and deceleration rate, maximum speed of CACC vehicles, etc. within 

the algorithm have impact on the performance of the application. Multiple replications were 

performed with varied parameters in order to take the impact of parameters into account. For 

example, changing the maximum speed of CACC platoons from 70 mph to 40 mph resulted in 7% 

lower throughput.  This is expected since a lower average speed of platoons negates the impact of 

constant headways and results in lower number of vehicles being processed through the network. 

Likewise, varying platoon size also created changes in throughput. Increasing platoon size to 10 

from 7 vehicles resulted in a 2% increase in throughput, but lowering it to 2 vehicles produced 3% 

lower throughput. The increase in throughput is expected with medium sized platoon cruising on 

the network. However, further increasing the platoon size to 15 or more vehicles resulted in a 5% 

decrease in throughput. In this case, a large platoon of 15-20 vehicles may disrupt the flow during 

lane changes as opposed to a reasonable platoon of 5-10 vehicles. 

 

Table 5 Throughput Results for Scenario 3 lasting 60 mins 

Control Type 

 

Volume Entering at Detector 1 

 

Throughput at Detector 2 

Veh/hr 
% Change 

p-value 
Veh/hr 

% Change 

p-value 

Baseline 
3470 

 

Compared 

Against 
NA 3045 

Compared 

Against 
NA 

Real-World 

LCS 
3477 

0.2 

>0.01 

Compared 

Against 
3104 

1.9 

>0.11 

Compared 

Against 

CAV-enabled 

LCS (1 s) 
3513 

1.2 

>0.01 

1.0 

>0.01 
3504 

15.0 

<0.01 

12.8 

<0.01 

CAV-enabled 

LCS (1.5 s) 
3510 

1.1 

>0.11 

1.1 

>0.11 
3455 

13.5 

<0.01 

11.3 

<0.01 

CAV-enabled 

LCS (2 s) 
3507 

1.1 

>0.11 

0.8 

>0.11 
3431 

12.7 

<0.01 

10.5 

<0.01 

 

            Furthermore, the results for average queues generated at the location of gantry 1 and gantry 

2 under the three strategies are provided in Figures 11-13. These results clearly support the findings 

for throughput and reveals that the queues generated under the baseline and real-world LCS 

controls are responsible for the lower observed throughputs in those cases. The worst conditions 

are observed under scenario 2 with two lane closures. The CAV-enabled LCS is observed to 

generate negligible queues under all three scenarios. 
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Figure 11 Average Queues Generated under Scenario 1, (CAV case is average of all headways) 

 

 

Figure 12 Average Queues Generated Under Scenario 2, (CAV case is average of all headways) 
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Figure 13 Average Queues Generated under Scenario 3, (CAV case is average of all headways) 

5.4 Analysis of Driving Volatility  

While CAV-enabled LCS was demonstrated to provide a 15-20% improvement in throughput over 

traditional LCS, it is possible that this will come at the cost of traffic volatility. Thus, variability 

in driving regimes, especially in acceleration and deceleration (hard braking) was explored through 

the measures of ‘volatility’. Driving volatility helps in identifying erratic and abrupt changes in 

driving behavior, which are important from both an operations and safety perspective. These 

measures of volatility were estimated for all three scenarios shown in Table 6. The CAV-enabled 

LCS case represents the average of all three headways. Figure 14 reveals the acceleration-

deceleration profiles for scenario 1 while the other two scenarios were analyzed in a similar 

manner. The acceleration-deceleration profiles had less variability with the CAV-enabled LCS 

application than the real-world LCS and the baseline case for all three scenarios. More abrupt 

changes were observed for scenario 2, with two lane closures. For brevity, the acceleration-

deceleration profiles for only scenario 1 are shown here. 

0

50

100

150

200

250

300

0 10 20 30 40 50 60

Q
u

eu
es

 (
ve

h
s)

Time (mins)

Baseline

Real-World LCS

CAV-enabled LCS



32 
 

 

Figure 14 (a) Acceleration-Deceleration Profile for Baseline Case in Scenario 1 

 

Figure 14 (b) Acceleration-Deceleration Profile for Real-World LCS Case in Scenario 1 
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Figure 14 (c) Acceleration-Deceleration Profile for CAV-enabled LCS Case in Scenario 1, (CAV case is average of all headways) 

 

TABLE 6 Measures of Volatility for all Scenarios Analyzed 

Scenario 

# 
Control Type 

Coefficient of 

Variation of 

Speed (%) 

Coefficient of 

Variation of 

Acceleration 

(%) 

Coefficient of 

Variation of 

Deacceleration 

(%) 

Time Varying 

Stochastic 

Volatility (%) 

Scenario 1 

Baseline without LCS 54.4 88.3 102.3 47.6 

Real-World LCS 41.4 76.0 79.5 38.9 

CAV-enabled LCS 14.3 73.1 75.0 6.7 

Scenario 2 

Baseline without LCS 49.0 89.0 128.0 67.0 

Real-World LCS 37.2 106.0 126.0 45.4 

CAV-enabled LCS 14.6 75.0 75.1 7.7 

Scenario 3 

Baseline without LCS 19.0 125.0 145.0 44.0 

Real-World LCS 18.0 119.0 160.0 31.0 

CAV-enabled LCS 14.3 76.0 66.7 7.2 

 

      The measures of volatility for scenario 1 shows a low variation in speed with the CAV-enabled 

LCS compared to both the baseline case and real-world LCS. Similarly, the stochastic volatility 

over instantaneous time interval was also observed to be low by an average of 32%. More 

important here are the acceleration and deceleration values since low or high variation in these 

values point towards the fluid or jerky flow of traffic, which can lead to serious safety issues. With 

a constant acceleration- deceleration profile and minimum variation in speed, the jerks are zero or 

at the minimum value. This is the case when the vehicle is operating at a constant speed. These 

measures of volatility reveal that with the CAV-enabled LCS application, the variation in 

acceleration and deceleration regimes were the lowest and relatively constant. An average 

reduction of 12.5% was observed. Similarly, the variation in driving speed was also low as 

compared to the baseline and real-world LCS. These findings suggest that driving is less volatile 

with the CAV application. 
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        Likewise, the results for scenario 2 reveals a low volatility in acceleration and deceleration 

regimes with the CAV-enabled LCS application. On average, a reduction of 31% and 51% was 

observed. Furthermore, the stochastic volatility over time with the CAV application was also lower 

by an average 38% and 59% compared to the other two scenarios. This again points towards lower 

jerks and thus, much safer driving. The results for scenario 3 also reveal similar insights with the 

volatility in both acceleration and deceleration regimes reducing by an average of 68%. All these 

results have implication for improved safety with CAV-enabled LCS. The volatility in 

decelerations are more dangerous than accelerations, leading to negative jerks and could thus, 

result in rear end crashes by following vehicles. CAVs can significantly reduce the propensity of 

such crash occurrences since the volatility in deceleration regimes was observed to be much lower 

with the CAV application. Comparing the volatility results for the three scenarios, scenario 1 and 

3 produce similar performance with the CAV-enabled LCS, having an average volatility in speed 

of 14.3%. Volatility in acceleration for scenario 1 was 74% in acceleration and 72% in 

deceleration, as opposed to 75% with scenario 2. The slightly higher volatility under two-lane 

closures in scenario 2 points towards the presence of multiple stop and go conditions leading to 

abrupt variations. Likewise, the time varying stochastic volatility was 6.7% and 7.1% with scenario 

1 and 3, but 7.7% with scenario 2. This represents more volatile driving with scenario 2 under two 

lane closures resulting from abrupt variations in acceleration and deceleration and the difference 

was observed to be statistically significant. While scenario 1 and 3 shows similar performance due 

to lower disturbance under single lane closure in both cases and differences in these cases were 

not significant. This is intuitive since two lane closures are expected to create more disruption in 

the traffic stream.   

 

6. CONCLUSIONS AND RECOMMENDATIONS  

This study developed and evaluated a prototype CAV-enabled LCS application that could 

potentially replace the traditional, gantry operated LCS application. This application counters the 

limitations of traditional LCSs related to driver behavior and extensive costs of infrastructure 

deployment. 

      The proposed CAV-enabled LCS application was able to provide more efficient and 

cooperative merging. The CAV-enabled LCS application consistently outperformed the traditional 

LCS application for all the three scenarios observed from the real-world. For the best case with 1 

sec headway, the vehicular throughput increased by 18.4%, 9.6% and 12.8% as compared to 

traditional LCS application. Furthermore, the CAV application reduced volatility in acceleration 

and deceleration regimes by an average of 25.6% and 49.6% for the three scenarios. Thus, pointing 

towards lower jerks and smoother flow of traffic. It is therefore, reasonable to say that CAV-

enabled LCS has a significant potential in improving freeway merge operations and could 

potentially replace the traditional LCS application in the future. This application also represents 

the future of active traffic management and have implications for improved safety in the future 

with the operation of CAVs. However, there are still many avenues left to explore for future 

research and the authors recommend that future studies should also consider simulating the 

communication latency and its effects while modeling CAVs for a more realistic assessment. 
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Although driver behavior was calibrated for the real-world LCS, there may still be some degree of 

error in terms of how well the simulation could replicate the real-world behavior. Thus, the 

compliance rate could also be revisited for the real-world LCS. Since CAV-enabled LCS is one of 

the many ITS applications leveraging CAVs, continued efforts are needed for developing further 

applications. Since at present, a large enough instrumented vehicle fleet is not available to conduct 

a field study thus, simulation is the only available and best possible method to investigate this type 

of futuristic application. However, with the increase in instrumented vehicle fleet in the future, 

studies could focus on experimental testing with the CAV-enabled LCS that could also provide 

significant insights into the potential benefits of this application.  
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