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ABSTRACT 

Driving behavior considerably affects the transportation system, especially lane-changing 
behavior occasionally cause conflicts between drivers and induce shock waves that propagate 
backward. A freeway merge section is one of locations observed a freeway bottleneck, generating 
freeway traffic congestion. The emerging technologies, such as autonomous vehicles (AVs) and 
vehicle connectivity, are expected to bring about improvement in mobility, safety, and 
environment. Hence the objective of this study is to enhance freeway merge section operations 
based on the advanced technologies. To achieve the objective, this study modeled the non-
cooperative merging behavior, and then proposed the cooperative applications in consideration of 
a connected and automated vehicles (CAVs) environment. As a tactical process, decision-making 
for lane-changing behaviors is complicated as the closest following vehicle in the target lane also 
behaves concerning to the lane change (reaction to the lane-changing intention), i.e., there is 
apparent interaction between drivers. To model this decision-making properly, this study used the 
game theoretical approach which is the study of the ways in which interacting choices of players. 
The game models were developed to enhance the microscopic simulation model representing 
human driver’s realistic lane-changing maneuvers. The stage game structure was designed and 
payoff functions corresponding to the action strategy sets were formulated using driver’s critical 
decision variables. Furthermore, the repeated game concept which takes previous game results into 
account was introduced with the assumption that drivers want to maintain initial decision in 
competition if there is no significant change of situations. The validation results using empirical 
data provided that the developed stage game has a prediction accuracy of approximately 86%, and 
the superior performance of the repeated game was verified by an agent-based simulation model, 
especially in a competitive scenario. Specifically, it helps a simulation model to not fluctuate in 
decision-making. Based on the validated non-cooperative game model, in addition, this study 
proposed the cooperative maneuver planning avoiding the non-cooperative maneuvers with 
prediction of the other vehicle’s desired action. If a competitive action is anticipated, in other 
words, a CAV changes its action to be cooperative without selfish driving. Simulation results 
showed that the proposed cooperative maneuver planning can improve traffic flow at a freeway 
merge section. Lastly, the optimal lane selection (OLS) algorithm was also proposed to assist lane 
selection in consideration of real-time downstream traffic data transferred via a long-range 
wireless communication. Simulation case study on I-66 highway proved that the proposed OLS 
can improve the system-wide freeway traffic flow and lane allocation. Overall, the present work 
addressed developing the game model for merging maneuvers in a traditional transportation 



 

system and suggesting use of efficient algorithms in a CAV environment. These findings will 
contribute to enhance performance of the microscopic simulator and prepare the new era of future 
transportation system. 
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GENERAL AUDIENCE ABSTRACT 

Driving behaviors considerably affect the traffic flow; especially a lane change occasionally forces 
rear vehicles in a target lane to decrease speed or stop, hence it is considered as one of primary 
sources causing traffic congestion. U.S. Department of Transportation (DOT) announced that 
freeway bottleneck including merge section contributes to freeway traffic congestion more than 
40 percent while traffic incidents count for only 25 percent of freeway congestion. This study, 
therefore, selected a freeway merge section, where mandatory lane changes are required, as a target 
area for the study. The emerging technologies, such as autonomous vehicles (AVs) and vehicle 
connectivity, are expected to bring about improvement in mobility, safety, and environment. Based 
upon these backgrounds, the objective of this study was determined to enhance freeway merge 
section operations based on the advanced technologies.  

To achieve the objective, first this study focused on understanding driving behaviors of human 
drivers. Decision-making for lane-changing behaviors is complicated as the closest following 
vehicle in the target lane also behaves concerning to the lane change (reaction to the lane-changing 
intention), i.e., there is apparent interaction between drivers. For example, the vehicle sometimes 
interferes the merging vehicle's lane-changing by decreasing a gap. To model the decision-making 
properly, this study modeled the non-cooperative merging behaviors using a game theoretical 
approach which mathematically explains the interaction (e.g., cooperation or conflict) between 
intelligent decision-makers. It was modeled for two vehicles, i.e., the merging vehicle in 
acceleration lane and a following vehicle in freeway rightmost lane, with possible actions of each 
vehicle. This model includes how each vehicle chooses an action in consideration of rewards. The 
developed model showed prediction accuracy of approximately 86% against empirical data 
collected at a merge section on US 101 highway. This study additionally evaluated the proposed 
model’s rational decision-making performance in various merging situations using an agent-based 
simulation model. These evaluation results indicate that the developed model can depict merging 
maneuvers based on practical decision-making. Since most existing lane-changing models were 
developed from the standpoint of the lane-changing vehicle only, this study anticipates that a lane-
changing model including practical decision-making process can be used to precisely analyze 
traffic flow in microscopic traffic simulation. Additionally, an AV should behave as a human-
driven vehicle in order to coexist in traditional transportation system, and can predict surrounding 
vehicle’s movement. The developed model in this study can be a part of AV’s driving strategy 
based on perception of human behaviors. 
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In a future transportation environment, vehicle connectivity enables to identify the 
surrounding vehicles and transfer the data between vehicles. Also, autonomous driving behaviors 
can be programmed to reduce competition by predicting behaviors of surrounding human-driven 
vehicles. This study proposed the cooperative maneuver planning which future connected and 
automated vehicles (CAVs) avoid choosing the non-cooperative actions based on the game model. 
If a competitive action is anticipated, in other words, a CAV changes its action to be cooperative 
without selfish driving. Simulation results showed that the proposed cooperative maneuver 
planning can improve traffic flow at a freeway merge section. Lastly, the optimal lane selection 
(OLS) algorithm was also proposed to provide a driver the more efficient lane information in 
consideration of real-time downstream traffic data transferred via a long-range wireless 
communication. Simulation case study on I-66 highway proved that the proposed OLS can 
improve the system-wide freeway traffic flow and lane allocation. Overall, the present work 
addressed developing the game model for merging maneuvers in a traditional transportation 
system and suggesting use of efficient algorithms in a CAV environment. These findings will 
contribute to enhance performance of the microscopic simulator and prepare the new era of future 
transportation system. 
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 Introduction  

 

The first chapter introduces the research objectives followed by the problem statement related 
to lane-changing model. Thereafter, the contributions and layout of this dissertation are 
presented. 
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Background 

Driving behavior highly affects the safety and throughput of the transportation system [1]. In 
particular, lane-changing behavior, which can occasionally cause conflicts between drivers, induce 
shock waves that propagate backward, especially in congested traffic streams [2]. In addition, 
merging area is one of locations observed a freeway bottleneck if added merging traffic leads to 
exceeding the lane capacity. It generates congestion starting at the bottleneck location and then 
spills back while the upstream arriving flow maintains sufficiently high [3]. U.S. Department of 
Transportation (DOT) announced that freeway bottleneck is a major source which contributes to 
freeway traffic congestion more than 40 percent while traffic incidents count for only 25 percent 
of freeway congestion [4]. Empirical observations show that whenever a bottleneck is activated, 
moreover, lane-changing maneuvers cause capacity drop by discharge flow may be 5% to 20% 
lower than the roadway capacity [5-8]. In order to precisely analyze traffic flow, therefore, 
development of the state-of-the-art lane-changing model is considerably important. 

The applications of lane-changing models can be broadly classified into two groups: adaptive 
cruise control and microscopic traffic simulation [1]. Driving assistance models for adaptive cruise 
control consist of collision prevention models and automation models [9]. In addition, driving 
decision models focus on drivers’ lane changing decisions under different traffic conditions and 
under different situational and environmental characteristics [9]. Lane-changing models were 
proposed based on various methodologies, which are reviewed in the next section, and calibrated 
based on field data collected on freeways. These models are an important component of 
microscopic traffic simulation [10]. Most models, however, focus on only lane-changing vehicle 
in decision-making and vehicle control. It could be a weakness to be used in microscopic traffic 
simulation because interaction with surrounding vehicles is critical in lane-changing. In detail, 
drivers of surrounding vehicles, especially the closest following vehicle in target lane, react after 
recognition of lane-changing intention. For example, a human driver occasionally does not allow 
a lane change. Even though competitive lane-changing case is barely observed, decision-making 
considering drivers' interaction should be studied in order to develop a precise lane-changing 
model. 

Today, the automobile industry is on the cusp of a technological transformation that holds 
promise to catalyze an unprecedented advance in safety and mobility on roads and highways. The 
development of advanced automated vehicle technologies, including fully self-driving cars, may 
prove to be the greatest personal transportation revolution since the popularization of the personal 
automobile nearly a century ago [11]. The development of advanced vehicle technologies is 
expected to bring about new transportation paradigms by increase in safety, mobility, system 
efficiency, and decrease in negative environmental impacts. In this context, automated vehicles 
(AVs) have been developed by automotive and information technology (IT) industry. In order to 
successfully transform transportation systems from traditional systems to the connected and 
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automated systems, government and administration of worldwide countries are establishing 
comprehensive plan for AV initiatives [12].  

Researchers have studied to equip sensors for detection of surrounding objects and road 
infrastructure, to process the earned data, and to develop driving strategies based on appropriate 
decision-making process, that is, the AV has been developed to substitute a human driver. It is 
recently tested/operated in roadways as a self-driving car, although many challenges to driving 
performance, ethical dilemmas, and responsibility of unexpected accidents still remain. A potential 
advantage of the AV is to prevent human errors arisen from incautious and aggressive (or selfish) 
driving behavior. To harmonize AVs with human drivers in mixed traffic, driving strategies of 
AVs should be developed in consideration of prediction of human driver's non-cooperative driving 
behavior. It will contribute to ensure the safe interoperation of AVs with human operated vehicles 
by minimization of potential competition.  

Prospective benefits within a connected and automated environment come from connectivity 
through vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) communication. It implies 
that the connected and automated vehicle (CAV) can broadcast real-time data and use data shared 
by downstream traffic to determine its own driving strategy. Therefore, it enables to not only 
decide to be cooperative with surrounding vehicles but also consider system performance, not 
focusing on individual benefits only. As a part of lane-changing maneuvers, for example, the CAV 
can select a target lane in consideration of both speed performance of each lane and downstream 
traffic. It helps to minimize negative effect on traffic flow and improve lane allocation for CAVs 
in freeway. Furthermore, research efforts have been devoted to developing and testing cooperative 
strategies, such as platooning, eco-cooperative adaptive cruise control (Eco-CACC), cooperative 
lane-changing, and traffic flow control. As likewise previous efforts which prepare new 
transportation system, more practical applications based on the connectivity should be proposed 
for improving transportation system performance in freeway. 

Problem Statement 

1.2.1  Lack of Understanding of Decision-Making in Lane-Changing Models 

Lane-changing models describe the practice of lane-changing at the microscopic level. Lane-
changing consists of a defined trigger to change lanes (e.g., motivation, attractiveness, or 
incentive), a target lane choice, a decision-making for vehicle control and a rule to accept a gap. 
In addition, most lane-changing models do not consider decision-making process of a human 
driver. These models only focus on a subject vehicle which wants to merge onto the freeway. For 
example, the lag vehicle in the rightmost lane (i.e., target lane) of a freeway is affected by the 
driver’s awareness of the merging vehicle in the auxiliary lane. The driver of the following vehicle 
can decide to increase or decrease his or her speed. The driver of the merging vehicle can choose 
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to use the forward gap ahead of the lead vehicle or the backward gap behind the following vehicle 
in the target lane depending on relative speed, although the current gap distance is sufficient to 
merge. Consequently, the tactical merging decision-making behavior should be modeled as a part 
of a lane-changing model, which represents realistic human driving behaviors.   

1.2.2  Need to Model Realistic Lane-Changing Maneuvers for Microscopic 
Traffic Simulation 

Microscopic traffic simulator should represent realistic driving behavior in traffic flow. Capturing 
real life lane-changing scenarios greatly increases the difficulty of model specification.  In order 
to increase the accuracy of microscopic traffic simulation models, it is important to ensure that 
lane-changing models are clearly understood, appropriately designed, and carefully calibrated. It 
is expected that the decision-making model for non-cooperative lane-changing, which was 
proposed in this study, improves performance of microscopic traffic simulation to be a robust 
simulation model.  

1.2.3  Need to Develop the Driving Strategy for CAVs (or AVs) 

As a new future transportation mode, CAV, i.e., connected self-driving vehicle, which does not 
need human’s intervention, is expected to save lives, prevent injuries, and make roads safer. To 
provide ride-sharing transportation services or be operated instead of a human driver, development 
of the state-of-the-art driving strategy which is implemented onto CAV is necessary. Especially, 
execution of lane-changing maneuvers should take surrounding vehicles into account to avoid 
unnecessary competition with a human driver or other CAV. Therefore, precisely understanding 
of decision-making process helps CAV to predict of human driver’s behavior in competitive 
situation. Lane-changing process, including acceleration control and decision about the time 
turning a signal on, is integrated into the state-of-the-art self-driving strategy of the CAV is 
required. 

1.2.4  Need to Propose Practical Applications for Improving Traffic Flow 
within a Connected Transportation System 

As described in background, the connected and automated transportation system has potential 
benefits. In contrast with the traditional transportation system, the connected and automated 
transportation system will be able cooperative interaction. Also, traffic will be managed to focus 
on system performance, not considering individual benefit only. Therefore, practical applications 
which can be utilized in the future should be proposed in order to improve system performance. In 
the traditional transportation systems, excessive lane changes, which are conducted by human 
drivers for making individual travel faster, cause bottlenecks, resulting in severe congestion. The 
connectivity between vehicles helps to manage traffic flow at merging section considering real-
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time traffic condition. In addition, it is possible to produce optimal lane information for the 
connected vehicles in consideration of downstream traffic condition and forward lane performance. 
It enables to avoid selfish driving behavior decided using instantaneous information earned by 
sight view only.  

Research Objectives 

The research aims to enhance freeway merge section operations within the connected 
transportation environment. In order to develop the state-of-the-art in related research topics, this 
study is expected to answer the following questions:  

1. How to enhance freeway merge section operations by considering vehicle connectivity? 

2. How to model realistic decision-making between human drivers for merging maneuvers 
in freeway? 

3. How to prepare the observations in the natural driving data to evaluate the proposed 
model? 

4. How to further develop the proposed model to be used in microscopic traffic simulation? 

5. How to develop the proposed decision-making model for cooperative behavior of the 
CAV in mixed traffic? 

6. How to develop an algorithm to select the optimal lane for an individual CAV to improve 
system performance in freeway? 

7. What are the potential performances of cooperative maneuver planning and lane selection 
in a connected environment? 

To achieve the research objectives, the entire research scope is constituted, as shown in Figure 1-
1. This study focuses on lane-changing, which is one of the most significant driving maneuvers. 
In this research, decision-making, which decides how control the vehicle to conduct lane-changing 
or react about other vehicle’s lane-changing intention, is modeled using a game theoretical 
approach. Game theory is the study of mathematical models of conflict and cooperation between 
decision makers [5]. In this study, decision-making between human drivers in merging situations 
is validated using empirical driving data, and also the repeated game model is evaluated through a 
simulation study. Based on the developed game model, cooperative maneuver planning is 
proposed by consideration of CAVs. Moreover, the useful application related to lane selection is 
additionally proposed to minimize the number of lane changes and optimize distribution of 
vehicles on a freeway in the connected environment. 
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Figure 1-1.  Research scope. 

Research Contributions 

The main contributions of the proposed works in this dissertation are listed below. 

1. Modeling a decision-making for merging maneuvers on freeways 

• Most existing lane-changing models focused lane-changing behavior at standpoint of the 
lane-changing vehicle only. To enhance a microscopic simulation model, this study models 
decision-making considering interaction between drivers. 

• This study uses a game theoretical approach to model merging decision-making. A stage 
game structure including the players who participate in the game and their action strategies 
is designed to mimic realistic driver’s behaviors. Payoff functions for each action strategy of 
both players are formulated by considering drivers’ efficient decision factors.  

• This study, in particular, introduces a repeated game concept taking previous decision-
making results into account. Both the one-shot stage game and repeated game models are 
evaluated using the field data. The data preparation and classification of drivers’ behaviors 
are extracted from naturalistic driving data. 

•  In addition, the efficiency of the repeated game model for use in a microscopic simulation 
model is verified by comparison of the one-shot game model. 

2. Cooperative maneuver planning for the CAV  

• Cooperative maneuver planning based on the developed game model is proposed in 
consideration of the CAV. In the mixed traffic the CAV predicts human driver’s behaviors 
and then make a cooperative decision responding to a non-cooperative action strategy.  
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• To evaluate the proposed model, the simulation model based on the agent-based model 
(ABM) is developed. The validation of the simulation model is provided and then efficiency 
of the cooperative maneuver planning is presented.  

3. Optimal lane selection algorithm in the connected environment 

• The optimal lane selection algorithm is proposed to optimize lane distribution in entire 
freeway system. By decrease of the number of unnecessary lane changes and consideration 
of downstream traffic condition, the advanced traffic systems based on connectivity between 
vehicles provide travel faster than the traditional transportation systems.  

Dissertation Layout 

This research is organized into seven chapters, beginning with the introduction of the problem 
statements, research objectives, and research scope as the first chapter. The second chapter 
provides a review of the relevant literature on lane-changing behaviors, lane-changing models 
based on various methodologies, game theory-based driver’s decision models. The third chapter 
models a stage game for decision-making between human drivers at merging section on freeways 
and proposes the game model based on the repeated game approach. To provide the elaborate and 
appropriate model to use in a microscopic traffic simulation, this study exhibits the stage game 
structure, the payoff functions formulation in three-phase stage game development, and the 
repeated game model are introduced. Next, the fourth chapter describes model evaluation based 
on field data and conducts a sensitivity analysis of the developed stage game model. A simulation 
study is followed to validate performance of the repeated game model. The fifth chapter proposes 
the cooperative maneuver planning for CAVs in a connected and automated environment. As an 
additional application, in the sixth chapter, the optimal lane selection algorithm within the 
connected transportation systems and verifies its efficiency through a case study. Finally, the 
dissertation study draw concluding remarks on this work and point out recommendations for future 
study.  

The body structure and contents of this dissertation are based on the papers which have been 
published or are under review in journals and conferences as listed below:  
[Journal publications] 
 

[1] Kang, K. and Rakha, H. A. (2019). A Repeated Game Theory Lane-Changing Model for 
Merging Maneuvers. Submitted to Sensors. 

[2] Kang, K., & Rakha, H. A. (2018). Modeling driver merging behavior: a repeated game 
theoretical approach. Transportation Research Record: Journal of the Transportation 
Research Board, 2672(20), 144-153. doi: 10.1177/0361198118792982 

[3] Kang, K., & Rakha, H. A. (2017). Game theoretical approach to model decision making 
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for merging maneuvers at freeway on-ramps. Transportation Research Record: Journal 
of the Transportation Research Board, 2623(1), 19-28. doi: 10.3141/2623-03 

 
[Book chapter] 

[1] Kang, K. and Rakha, H. A. (2019). Development of a Decision Making Model for Merging 
Maneuvers: A Game Theoretical Approach. Traffic and Granular Flow '17 (Ed. Hamdar, 
Samer H.), Springer.  doi: 10.1007/978-3-030-11440-4 

 
[Conference proceedings] 

[1] Kang, K., Bichiou, Y., Rakha, H. A., Elbery A., and Yang, H. (2019, October). 
Development and Testing of a Connected Vehicle Optimal Lane Selection Algorithm. 
Accepted to present at 22nd International Conference on Intelligent Transportation Systems 
(ITSC) 2019, Auckland, New Zealand. 

[2] Kang, K., Elbery A., Rakha, H. A., Bichiou, Y., and Yang, H. (2018, November). Optimal 
Lane Selection on Freeways within a Connected Vehicle Environment. In Proceedings of 
21st International Conference on Intelligent Transportation Systems (ITSC) 2018, Maui, 
HI, USA. 

[3] Kang, K. and Rakha, H. A. (2018). Modeling Driver Merging Behavior: A Repeated Game-
Theoretical Approach. In Proceedings of 97th Transportation Research Board Annual 
Meeting, Washington, DC., USA. 

[4] Kang, K. and Rakha, H. A. (2017, July). Development of a Decision Making Model for 
Merging Maneuvers: A Game Theoretical Approach. In Conference on Traffic and 
Granular Flow, Washington, DC., USA.  

[5] Kang, K. and Rakha, H. (2017). A Game Theoretical Approach to Model Decision Making 
for Merging Maneuvers at Freeway On-Ramps. In Proceedings of 96th Transportation 
Research Board Annual Meeting, Washington, DC., USA.  
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 Literature Review 

This chapter presents comprehensive literature review to consider previous related studies and 
further address the research needs. First, human driving behavior in lane-changing on the 
freeway are reviewed. Secondly, the lane-changing models are introduced in order to examine 
previous research efforts and identify research needs. Third subchapter investigates connected 
and automated transportation systems. Finally, applications related to lane-changing in 
consideration of future transportation systems are presented. 
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Lane-changing Types and Lane-changing Impacts on Traffics 

2.1.1  Classification of lane changes 

Lane changes on freeway are generally categorized into two types: discretionary lane-changing 
(DLC) and mandatory lane-changing (MLC) [10, 13-16]. DLC generally occurs when a driver is 
unsatisfied with current driving situation in current lane while the target lane shows better driving 
conditions. In addition, it is also motivated to avoid potential collision with a merging vehicle or 
performed for yielding to a tailgating vehicle which drives at higher speed. MLC is coercively 
required according to route choice. Merging and diverging on freeways, by taking on-ramp and 
off-ramp respectively, are main examples of MLC. Additionally, lane-changing due to lane drop 
is categorized as MLC. Based on NHTSA (2004), lane changes can be classified into eleven types 
(Note that figures showing all lane-changing types were reproduced in this study, referred to [17].):  

1. Merging: Lane change to merge onto freeway via on-ramp 

 
Figure 2-1. Lane change for merging. 

2. Exiting (diverging) and preparation of exit: Lane changes associated with exiting (i.e., 
taking off-ramp or preparing to exit the freeway) 

 
Figure 2-2. Lane changes to diverge and prepare exit. 

3. Merging vehicle avoidance: Lane change to avoid potential collision (or expected 
deceleration) due to merging vehicle's lane-changing 
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Figure 2-3. Lane change to avoid merging vehicle’s entrance. 

4. Passing a slow lead vehicle: Lane change to pass a vehicle which is moving slower than 
the lane-changing  vehicle’s preferred speed 

 
Figure 2-4. Lane change to pass a slow lead vehicle. 

5. Returning to original lane: Lane change to return to original lane after deviating from it 
for any reasons 

 
Figure 2-5. Lane change to return to original lane. 

6. Yielding to a tailgating vehicle: Lane change due to a following vehicle approaching 
quickly; usually occurs while in the left lane. A driver of lane-changing vehicle may 
make lane change while the following vehicle is still at a considerable distance or time-
to-collision (TTC) which is accounted for in the severity ratings. 

 
Figure 2-6. Lane change to yield to a tailgating vehicle 

7. Rough roadway surface/obstacle avoidance: Lane change due to rough roadway surface 
or obstacle in road 

 
Figure 2-7. Lane change to avoid rough roadway surface or obstacle. 
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8. Lane drop: Lane change due to end of lane-changing vehicle’s lane or work zone 

 
Figure 2-8. Lane change due to lane drop. 

9. Added lane: Lane change due to addition of a lane 

 
Figure 2-9. Lane change due to addition of a lane. 

10. Unintended lane deviation: Unintended lane deviation due to distraction, drowsiness, 
poor driving, etc.; often only a partial lane change 

 
Figure 2-10. Unintended lane deviation. 

11. Other lane-changing: Lane change for any other reasons or for no discernible reason 

Lane-changing Behaviors on a Freeway 

2.2.1  Lane-changing process 

General lane-changing process can be categorized as a sequence of four steps: (1) the motivation 
to checking lane change necessity, (2) the lane selection to decide a target lane, (3) the gap choice 
in the target lane, and (4) the lane-changing execution through gap acceptance. To focus on 
research scope, this study reviews human driver’s merging process in detail here. In merging, lane-
changing motivation and lane selection are not required: lane-changing is definitely required to 
enter onto freeway and the target lane is already assigned (i.e., the rightmost lane). For the rest of 
lane-changing process, various factors (traffic condition, driver’s characteristics, speed profile of 
the lane-changing vehicle and surrounding vehicles, spacing between vehicles, roadway design, 
and etc.) affect the gap choice and gap acceptance. Kondyli and Elefteriadou (2012) investigated 
merging process through field experiments in which thirty one people were participated. The 
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participants were asked to provide their thinking process as they were driving at merging area. 
Consequently, the observed merging process was summarized as following five steps [18]:  

• Step 1: Drivers start accelerating on the on-ramp and first think about merging when they 
have a clear view of the freeway traffic. 

• Step 2: Drivers evaluate the speed and the flow of traffic on the freeway, to assess how much 
they should adjust their own speed. They also account for the presence of other on-ramp 
vehicles ahead. If traffic is free-flowing, drivers leave a large gap to use later for acceleration. 
If the freeway is congested, they do not leave a large gap. 

• Step 3: Drivers accelerate to a speed close to the freeway speed as they reach the acceleration 
lane. They also start looking at potential gaps. 

• Step 4: This step includes the gap acceptance and merging process. In free-flowing 
conditions participants adjust their speed if necessary to fit a gap. Tasks such as actuating 
the turn signal and checking of the mirrors or blind spots follow. In congested conditions, 
drivers anticipate cooperation from the freeway vehicles. 

• Step 5: After merging, most of the drivers move to the middle lane unless they need to exit 
at the next junction. 

2.2.2  Merging maneuvers 

As mentioned earlier, freeway mainline traffic and merging traffic streams compete at merging 
sections as bottlenecks, resulting in causing congestion observed in field [18]. Some studies mainly 
categorized the merging maneuvers as cooperative and forced merges [15, 19, 20], and free merge 
was considered as an additional category in other studies [19, 21]. The cooperative behavior 
generally indicates a yielding behavior by changing a lane to the left or decelerating to create gaps. 
In contrast, forced merge is defined when the SV compulsorily asks the LV to decelerate or change 
a lane for allowing the merge where the current gap is not acceptable. In [19, 21], free merge 
indicates a merging situation without apparent interactions between vehicles where the lead and 
lag gaps are sufficient for accepting a lane change.  

In [21], participants answered which factors affects to each merging maneuver. They were 
asked to answer key factors related to cooperative merge at standpoint of the LV on the freeway 
mainline. Speed and acceleration capabilities of the merging vehicle is one of most important 
factors to perceive whether the merging vehicle can achieve a reasonable merging speed or not. If 
they think it can have acceptable speed, they would be willing to yield. Also, gap availability is 
important to show cooperative behavior by changing a lane to the left. Lastly, the merging 
vehicle’s size and type is considered as well, e.g., they are reluctant to be cooperative for trucks. 
Regarding the forced merge, they chose main factors at standpoint of the SV on the freeway 
mainline, i.e., the merging vehicle. When the freeway is under congested traffic condition, they 
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are more likely to forcedly change a lane. In other words, average speed on the freeway, congestion 
level, and gap availability are key factors.  

Besides traffic condition and both distance headway and relative speed profile with 
surrounding vehicles, individual characteristics, e.g., driver’s aggressiveness, are important 
affecting to lane-changing behavior. It affects to choosing gap size, behaviors for cut-in, and 
reaction to the merging vehicle’s lane change. In addition, geometric roadway design is a critical 
factor for deciding the driving behaviors. 

2.2.3  Speed synchronization before merging 

As the first step in merging process, one of features in merging process for the SV is to synchronize 
its speed with freeway vehicles [18]. Wan et al. (2013) analyzed the observed trajectories and they 
found that speed synchronization process exists before merging [22]. They classified merging 
vehicles based on a gap type, either original gap or forward gap, taken for merging into two 
categories, and compared absolute speed differences with the preceding and following vehicles on 
the target lane. The 97.7% of the merging cases which a forward gap was selected showed that the 
merging vehicle has a speed higher than the freeway mainline vehicles at the beginning of the 
acceleration lane, while the more than half of cases chosen an original gap showed similar speed 
with the freeway vehicles. As the results, they concluded that small differences of speeds are 
critical for successful merging. In addition, they found that speed synchronization process for 
merging consisted of two phases: 1) the SV maintained speed differences within 2 m/s and adjusted 
the location for merging; 2) they further synchronized the speed with the LV during lane-changing 
execution.  

2.2.4  Gap acceptance in lane-changing 

Gap acceptance is another critical issue in lane-changings studies. The principle of the gap 
acceptance models is to explain whether a driver accept a current gap or not. In this assessment, 
the gap will be accepted if the current gap is larger than a critical gap, otherwise it will be rejected.  
Regarding the merging behavior, gap acceptance models were modeled based on the assumption 
that the ramp traffic has no influence on the motorway traffic [23-25]. Ahmed (1999) modeled the 
lead and lag critical gap lengths using a binary logit model based on the assumption that they are 
log-normally distributed [15]. In addition, simulation models used a simplified gap acceptance 
model [26]. The critical gap has generally been modeled considering the driver’s characteristics, 
roadway design, relative speed, traffic condition, and so on. In particular, the remaining distance 
to the end of the acceleration lane is a critical factor used for the MLC in comparison to the gap 
acceptance model for the DLC. At near the end of the acceleration lane, the accepted gap is smaller 
than that used at the beginning of the acceleration lane [27]. Also Wan et al. analyzed that the SV 
takes the relatively short gap for merge after overtaking the freeway vehicles in comparison to the 
merging cases which the original gaps are accepted [22].  
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Lane-changing Models 

To represent lane-changing behaviors, lane-changing models were developed using various 
methodologies, and these can be classified into four groups: rule-based model, discrete-choice-
based model, artificial intelligence model, and incentive-based model [1].  

2.3.1  Rule-based models 

Rule-based model is one of most popular methodologies based on the perspective of drivers 
[1]. Driver’s decision-making in lane-changing process are simply defined as independent stage. 
Gipps (1986) initially introduced the lane-changing model covering various urban driving 
situations, intended for microscopic traffic simulation tools [13]. Gipps’ model represented the 
lane-changing process as a decision tree with a series of fixed condition, and final output of this 
rule-based triggered event is a binary choice (i.e., change or not change) [1]. CORSIM model 
classified lane changes into two types: discretionary lane-changing (DLC) which occurs when a 
driver is unsatisfied with current driving situation in current lane while the target lane shows better 
driving conditions; mandatory lane-changing (MLC) which is coercively required according to 
route choice (i.e., lane change toward on-ramp or off-ramp) [16, 28]. Rahman et al. categorizes the 
game theory-based model, which explains lane-changing when a traffic conflict arises between the 
merging vehicle and closest following vehicle in the target lane, as rule-based model. Game theory, 
which is used in this paper, is the study of mathematical models of conflict and cooperation 
between decision-makers [29]. It focuses on decision-making in consideration of interaction 
between intelligent drivers. An advantage to use a game theoretical approach in that behaviors of 
a driver of following vehicle in the target lane take into account, while other approaches introduced 
above focused on only lane-changing vehicle’s decision.  

2.3.2  Discrete choice-based models 

Second, discrete-choice-based-model is based on logit or probit model to explain lane-
changing maneuvers. It decides lane-changing based on probabilistic results instead of binary 
answers. Ahmed modeled lane-changing motivation (i.e., trigger to change a lane), target lane 
choice, and gap acceptance, and this study modeled three categories of lane-changing: DLC, MLC, 
and forced merging (FM) which a gap is not sufficient but is conducted by a driver to execute a 
lane-changing maneuver in heavily congested traffic conditions [15]. Ahmed assumed that critical 
gaps follow a lognormal distribution to guarantee that they are nonnegative. Toledo et al. (2007) 
developed a probabilistic lane-changing decision model by combining MLC and DLC through a 
single utility function [30]. Both models developed by Ahmed and Toledo et al. considered drivers’ 
heterogeneity, such as aggressiveness and driving skill level, by using random term as one of 
explanatory variables.   



K. Kang                                                                                             Chapter 2.  Literature Review 

 

 16 

2.3.3  Fuzzy models 

Next, Fuzzy model and Artificial neural network (ANN) model are representatives of artificial 
intelligence model. The former model considers human’s imprecise perception and decision base, 
and incorporates more variables than the common mathematical models [31]. However, fuzzy 
model has disadvantage like unexpected difficulties and complexity in the fuzzy rules [31]. ANN 
model processes information using functional architecture and mathematical models that are 
similar to the neuron structure of the human brain [1]. Hunt and Lyons (1994) modeled the lane-
changing decisions of drivers on dual carriageways [32]. Since neural network model is completely 
data-driven and requires field-collected traffic data, Hunt and Lyons used interactive driving 
simulation to train the model. Like this, a major disadvantage of artificial intelligence model is to 
require huge amount of data to be optimized and it needs training period. 

2.3.4  Incentive-based models 

Lastly, incentive-based model explains lane-changing desire by utilizing the defined incentive. 
In other words, this model has an assumption that a driver chooses to change lanes in order to 
maximize their benefits [1]. Minimizing overall braking induced by lane change (MOBIL) model, 
which were developed in [10], is based on the idea that to measure both the attractiveness and the 
risk associated with lane changes in terms of accelerations. Therefore, both the incentive criterion 
and the safety constraint are formed using the acceleration function of the underlying car-following 
model. In addition, the model describes the degree of passive cooperativeness among drivers using 
the politeness factor as a weight on the term for total advantage of the surrounding vehicles. 

2.3.5  Lane selection model 

General lane-changing models used in traditional vehicle systems include a trigger to change lanes, 
a target lane choice, and a rule to accept a gap [10, 15]. This study focuses on the target lane choice 
process, termed “lane selection” here. During lane selection, drivers compare their driving 
conditions in the current lane to the driving conditions in the left and right adjacent lanes and make 
a decision about whether to change lanes and which lane to move to [15]. In previous studies, 
various types of models were introduced to determine a target lane if a lane change improves the 
local traffic situation of a driver. Ahmed developed a lane selection model based on a developed 
utility function and a nested logit model [15]. The MOBIL model introduced the expected 
acceleration level as an incentive criterion for lane selection [10]. The Freeway Lane Selection 
(FLS) algorithm, developed by the Federal Highway Administration’s (FHWA’s) Next Generation 
SIMulation (NGSIM) program, assigns an individual score to each lane to choose the lane showing 
the highest score [33]. 
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Game Theory-based Lane-changing Models 

2.4.1  What is game theory? 

In 1921, the mathematician Emile Borel suggested a formal theory of games, then the 
mathematician John von Neumann develops and popularizes game theory after seven years [34]. 
The mathematical theory of games was invented by the J. von Neumann and the economist Oskar 
Morgenstern (1944) who provided the basic terminology and problem setup that is still in use 
today. In 1950, John Nash demonstrated that finite games always have an equilibrium point [34], 
known as Nash equilibrium, applicable to a wider variety of games. In the 1950s and 1960s, game 
theory was theoretically broadened and the concepts of the core were developed. Since the 1970s, 
it has driven a revolution in economic theory, and has been applied in various fields [34]. Nash, 
John Harsanyi, and Reinhard Selten, who worked on game theory, received the Nobel Prize in 
Economic Sciences in 1994.  

Game theoretical approach applies whenever the actions of several agents are interdependent 
[34], i.e., there is interaction between decision makers. Game theory is the study of the ways in 
which interacting choices of agents produce outcomes with respect to the preferences (or utilities) 
of those agents, where the outcomes in question might have been intended by none of the agents 
[35]. Specifically, a game involves a number of players (𝑁), a set of strategies for each player, a 
payoff that quantitatively describes the outcome of each play of the game [36]. The mathematical 
foundations of game theory can be used for modeling and designing automated decision-making 
process in interactive environments. There are several characteristics, as described in [34] and [37], 
to establish types of games in game theory as follows.  

Fundamentals of game theory 

a)  Cooperative games 

A cooperative game is used for describing the cooperation of players or groups of players, i.e., 
when coalitions occurs. Cooperative game theory focuses on predicting the joint actions that group 
(or players) take and the collective payoffs. Formally, a cooperative game in which a finite set of 
players 𝑁  participates can be defined with a characteristic cost function 𝑐:	26 ⟶ ℝ satisfying 
𝑐(∅) = 0. The characteristic function 𝑐 represents the cost of a set of players accomplishing the 
task together. It is often assumed that communication among players is allowed, i.e., they have 
perfect information about opposite player’s payoffs and previous decisions. In this case, there is 
no conflict between players because all the players perceive outcomes and agree with common 
preference.  

For instance, a two-person bargaining situation involves two individuals who have the 
opportunity to collaborate for mutual benefit in more than one way [38]. A feasibility set 𝐹, a 
closed subset of ℝ1 that is often assumed to be convex, the elements of which are interpreted as 
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agreements. A disagreement, or threat, point 𝑑	 = 	 (𝑑0, 𝑑1), where 𝑑0 and 𝑑1 are the payoffs to 
player 1 and player 2, respectively. Nash proved that a solution is the points (𝑥, 𝑦) in 𝐹 which 
maximize the following expression: 

 max  +𝑢(𝑥) − 𝑢(𝑑)-+𝑣(𝑦) − 𝑣(𝑑)- (2.1) 

where 𝑢  and 𝑣  are the utility functions of player 1 and player 2, respectively, and 𝑑  is a 
disagreement, or threat, point 𝑑	 = 	 (𝑑0, 𝑑1), where 𝑑0 and 𝑑1  are the payoffs to player 1 and 
player 2, respectively. 

b)  Non-cooperative games 

A non-cooperative game is a game with competition between players who make their decisions 
independently of the opposite player. In other words, each player wants to maximize their own 
outcomes to achieve their goal in the game. In this game type, generally, players cannot decide 
action strategies as a joint group because of the absence of binding commitments externally 
enforced (e.g. through contract law), i.e., they must compete independently. Non-cooperative 
game theory is more general, as cooperative games can be analyzed using the terms of non-
cooperative game theory if an agreement for arbitration is assumed. In non-cooperative games, the 
Nash equilibrium concept is used to analyze the outcome of the strategic interaction of several 
decision makers, as described in a following subsection. 

c)  Simultaneous vs. sequential games 

Simultaneous games are games where both players move simultaneously, or if they do not move 
simultaneously, the later players are unaware of the earlier players' actions (assuming that the game 
is simultaneously played). In contrast, sequential games (or dynamic games) are games where a 
leader takes action first and the other (the follower) makes a decision in view of the decision made 
by the leader. Sequential games hence are governed by the time axis, and represented in the form 
of decision trees. Regarding knowledge about earlier actions, this need not be perfect information 
about every action of earlier players. Sometimes it might be very little knowledge. For instance, a 
player may know that an earlier player chose one particular action which has not published yet. 
Therefore, they does not know which of the available actions the first player actually selected.  

Repeated games, which this study introduced for decision-making in merging, are an example 
of sequential games. Players play a stage game and the result of this game will determine how the 
game continues. At every new stage, both players will have complete information on how the 
previous stages had played out. 
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d)  Zero-sum vs. non-zero-sum games 

According to the summation of players’ payoffs, games are classified into two types, i.e., zero-
sum and non-zero-sum. A zero-sum game is a mathematical representation of a situation in which 
each participant's gain or loss of utility is exactly balanced by the losses or gains of the utility of 
the other participants. If the total gains of the participants are added up and the total losses are 
subtracted, they will sum to zero. In this type of game, one side takes all the benefits while the 
other gains nothing. In contrast, a non-zero-sum game describes a situation in which the interacting 
parties' aggregate gains and losses can be less than or more than zero. It indicates that all players 
can receive a payoff, which varies with the choice of strategies (actions) taken by each player. 

e)  Pure vs. mixed strategy 

In game theory, a strategy is a complete plan of action for the players and thus in principle 
determines the participants’ behavior. A pure strategy provides a complete decision how a player 
will play a game. In particular, it determines the move a player will make for any situation they 
could face. In addition, a mixed strategy is an assignment of a probability to each pure strategy, 
which allows for a player to randomly select a pure strategy. One of available action strategies can 
regard a pure strategy as a case of a mixed strategy, in which that particular pure strategy is selected 
with probability 1 and every other strategy with probability 0. 

Nash equilibrium 

Finding the best strategy set has been a topic of interest since the introduction of game theory [39]. 
To the optimum strategy for both players, the Nash equilibrium is considered. The Nash 
equilibrium is a solution where neither player has motivation to change their own strategy as no 
player can improve their situation by individually switching to another strategy [37]. If Nash 
equilibrium exists, players use pure strategies, implying that each player will choose the strategy 
that maximizes their own payoff while considering an opponent who also wants to maximize their 
payoff. In a two-player game, for example, Player 1 and Player 2 have three and two possible 
strategies, respectively: 𝑆0 	= 	 {𝑎0, 𝑎1, 𝑎2} or 𝑆1 	= 	 {𝑏0, 𝑏1}. This means that each game has six 
possible sets of strategies. The utility functions U1 and U2 are the payoff for Player 1 and Player 2, 
respectively, when the players choose a set of strategies. Nash equilibrium defines the pure 
strategy specified as: 

 [𝑈0
(𝑎∗, 𝑏∗) ≥ 𝑈0(𝑎, 𝑏∗),			∀𝑎 ∈ 𝑆0

𝑈1(𝑎∗, 𝑏∗) ≥ 𝑈1(𝑎∗, 𝑏),			∀𝑏 ∈ 𝑆1
 (2.2) 

 
where 𝑎∗ and 𝑏∗ represent the equilibrium strategy sets for players 1 and 2, respectively.  
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However, the Nash equilibrium does not always exist [37]. In the absence of a Nash 
equilibrium, the mixed strategy is used. A probability for each player’s strategy is assigned with 
consideration of each player’s expected payoff from the different strategies [37]. 

2.4.2  Game theory-based lane-changing models 

In lane-changing, it is clear that not only a driver of subject vehicle (SV), who is motivated to 
change lanes, but also a driver of lag vehicle (LV) in target lane controls own vehicle after 
perceiving merging vehicle in acceleration lane. The driver of SV controls longitudinal and lateral 
movements to safely change a lane in consideration of surrounding vehicles, and also the driver of 
LV responds by showing acceptance or disapproval of the SV’slane-changing intention. This 
decision-making related to both drivers motivated previous studies to use a game theoretical 
approach. Game theory-based models, therefore, were modeled as a two-player non-cooperative 
game.  

Kita (1999) 

Kita modeled merging-giveway interaction between vehicles in a merging section based on a 
game theoretical approach [40]. This study assumed that the merging decision-making game is a 
one-shot game because the amount of decision-making time is not so long and each decision is not 
affected by preceding decisions. Kita also modeled interaction between drivers as a game under 
perfect information as the drivers recognize each other in the game and they know the strategy of 
the other player.  

The action strategies of SV are merging or keeping the lane, while the strategies of LV in the 
target lane are giving way (i.e., yielding) or not. To formulate the payoffs, Kita mentioned that 
drivers’ payoffs are highly affected by the gap size with surrounding vehicles. This study hence 
used time-to-collision (TTC) between the ego vehicle and a target vehicle for each action strategy 
and introduced constant parameters to represent tendency to maintain the current action, a kind of 
inertia payoffs. 

Kita estimated the parameters using 25 samples with complete of sets of variables, which were 
extracted in 2-hour recorded video. The value of likelihood ratio, which is an index of the 
replicability of the mode, was 0.347. This study concluded that the proposed model demonstrates 
its capability to explain merging and giveway behaviors. However, perfect information in the game 
theory indicates that all players have perfect and instantaneous knowledge of their own utility and 
the events previously occurred. In consideration of traditional transportation environment which a 
driver becomes aware of surroundings through sight view only, this assumption would be irrational. 
Additionally, Kita’s model assumed that vehicle speeds are constant during the merging process, 
but it is not realistic [2]. 
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Liu et al. (2007) 

Liu et al. modeled merging process as an independent game by taking the SV (or called a merging 
vehicle), which is the vehicle in acceleration lane trying to join the freeway, and the LV, which is 
the vehicle in the target lane just behind the merging vehicle, as players [2]. As a non-cooperative 
game, both vehicles have to decide a set of moves to maximize their respective rewards in the 
game. In [2], the SV can select either to merge into the mainline traffic immediately or to wait 
until the next available gap, while the LV has options whether to keep its current car-following 
state or decelerate to yield in order to facilitate a smooth merge.  

This study assumed the player’s objective: the SV’s objective is to minimize the time spend 
in acceleration lane subject to safety constraints, whereas that of the LV is to minimize speed 
variation. The payoffs of the LV and SV were formulated using acceleration level (in 𝑓𝑡/𝑠1) and 
time (in second) that the merging vehicle spends on acceleration lane for each action strategy, 
respectively.  

To solve the game, Liu et al. proposed a bi-level calibration framework, which the upper level 
programming is an ordinary least square problem and the lower level programming is a linear 
complementarity problem for finding the Nash equilibrium. Based on this bi-level programming 
problem, this study calibrated and validated the proposed model using the field observation data 
obtained from Freeway Data Collection for Studying Vehicle Interactions (DCSVI) project 
conducted by FHWA in 1983 [41]. Through screening process of the data, a total of 86 merging 
cases were used in model evaluation (63 cases were used on calibrating model parameters and the 
rest of the data were used for validation). This study concluded that the proposed model has a good 
capability to replicate and predicate vehicle actions at merging sections, showing the Mean 
Average Error of 0.087.  

There are two issues arising from the review of Liu et al.’s study. First, the SV occasionally 
show different behaviors with the assumption on the defined SV’s objective. Kondyli and 
Elefteriadou (2009) found that all drivers want to reach a speed close to the freeway speed or the 
speed limit, if there is no vehicle in front [21]. This speed synchronization process to accelerate 
when arriving at the beginning of the acceleration lane were observed at merging section on 
freeway [22]. Hence the assumption on the SV’s objective in [2] may be unrealistic.  

Next, Liu et al. provide figures to represent their model’s performance to predict merging 
behaviors in [2]. The left-hand side of Figure 2-11, figure shows the speed profile of vehicles in 
merging situation where the SV and LV chose ‘Merge’ and ‘Not yield’ action, respectively. The 
other figure shows the merging situation where the SV and LV chose ‘Wait’ and ‘Yield’ action, 
respectively. In this figure the first point in merging vehicle’s speed profile represents the decision 
point for all the players. It is hard to agree that the LV chose ‘Not yield’ action in the first case. 
Prior to the decision-making point, the LV properly followed the lead vehicle’s speed profile as 
car-following state. Then, it controlled the speed using smaller acceleration level than that of the 
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lead vehicle, causing increase of the gap distance between both vehicles in the target lane. It might 
be classified as yielding behavior to provide sufficient gap to the SV after perceiving the SV’s 
higher acceleration level. Also, the second situation on the right-hand side of Figure 2-11 was 
provided as a ‘Wait’ and ‘Yield’ situation. At near decision-making point, the SV slightly 
decreased speed, then accelerate to enter onto the freeway. It can be interpreted as the ‘Wait’ action. 
Since they did not provide information about gap distance between vehicles, however, only using 
speed profile has a limitation to recognize the decision of the vehicle. These examples of non-
cooperative decisions cause conflict between drivers who want to achieve their own goal. Thus, 
one of them should change their initial decision, resulting in a cooperative decision. Since 
decision-making point is not a static point, thus the decision-making model needs to represent 
appropriate drivers’ decision at any decision-making points.  

    
Figure 2-11.  Vehicle speed profiles in competitive merging situations (in [2]). 

 

Talebpour et al. (2015) 

According to the development of advanced vehicle technologies (e.g., V2V communication), 
recent research efforts to focus on the cooperative interaction between vehicles have been led. 
Talebpour et al. modelled a game for lane-changing in consideration of both MLC and DLC within 
a connected environment [39]. In the absence of communication, there is the lack of accurate 
information about the surrounding traffic condition, causing in efficient and unsafe driving 
maneuvers. Therefore, they proposed the two types of game models depending on activation of 
V2V communication. The lane-changing behavior under active V2V communications was 
modeled as two-person non-zero-sum non-cooperative game under complete information, whereas 
a game model under inactive V2V communication was proposed as two-person game under 
incomplete information. To represent a game of imperfect information without V2V 
communication, they introduced the concept of nature as a player who chooses the type of each 
player, and adopted the Harsanyi transformation [42] to transform a game of incomplete 
information. In this transformation, from the LV’s standpoint, nature moves first and chooses MLC 
with probability 𝑝 and DLC with probability 1 − 	𝑝, as shown in Figure 2-12.  
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Note that discretionary lane-changing game with inactive V2V communication in normal form. P and R denote the payoff for 
target and lag vehicle, respectively.  Mandatory lane-changing game with inactive V2V communication in normal form. P and Q 
denote the payoff for target and lag vehicle, respectively. 

Figure 2-12.  Lane-changing game with inactive V2V communication in extensive form (in [39]). 

In their game models the SV has two pure strategies {Change lane and Wait} and the lag 
vehicle has three pure strategies {Accelerate, Decelerate, and Change Lane}. For the SV’s payoffs, 
acceleration level, relative speed, and error term were used. In addition, acceleration level and 
error term were used for the LV’s payoffs. To consider complicated functions using 58 parameters, 
this study simplified the proposed model by reducing the number of parameters based on 
assumptions. Then, they evaluated the proposed model using US 101 dataset in NGSIM data [43], 
and the validation results showed that the simplified model does not carry a prediction power and 
is not capable of accurately predicting lane-changing behavior. Their model focused on execution 
of a lane change, not including driver’s behavior prior to lane-changing.  

CAVs Environment 

2.5.1  What are CAVs? 

AVs are vehicles in which at least one element of vehicle control (e.g., steering, speed control) 
occurs without direct driver input [44]. They work by gathering information from various sensors 
(e.g., camera, radar, light detection and ranging (LIDAR), ultrasonic, and infrared sensors) 
equipped on the vehicles. They can detect and classify objects in their surroundings (e.g., other 
vehicles, pedestrians, and roadway objects), and predict how these surroundings are likely to 
behave. As mentioned previously, V2X communication can enhance the safety and efficiency of 
AVs by providing greater situational awareness and efficiency. FHWA defined that the CAV is an 
equipped vehicle sends basic safety messages (BSMs), transmitted 10 times per second [44]. 
Hence driver receive warnings and information to avoid potential crashes and improve mobility. 
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2.5.2  Connected transportation environment  

Advanced information and communication technology (ICT) is expected to bring about significant 
improvements in mobility and safety in transportation systems. As the next generation of 
transportation solutions—connected and automated transportation systems—become a reality, 
various research efforts have been, and continue to be, devoted to developing and testing connected 
vehicle (CV) technologies. These CV technologies have the ability to exchange time-critical and 
safety-critical data, enabling cooperative control between vehicles and offering the potential to 
improve safety and mobility. The US Department of Transportation (USDOT), for example, has 
conducted field tests of several CV applications in test-beds [45]. Additionally, introducing state-
of-the-art wireless communication can enhance traffic management by providing more and more 
timely data to CVs.  

Wireless communication technologies have been developed and it will contribute to evolve 
transportation systems. For example, the next generation of wireless technology, known as 5G, 
will allow transmission of massive quantities of data in near real-time. The USDOT is preparing 
to integrate vehicle-to-everything (V2X) communications technologies into the transportation 
environment [46]. It is expected that vehicles will communicate both with one another and with 
physical transportation components. The dynamic wireless exchange of data offers the opportunity 
for significant safety improvements and a wide range of other mobility and environmental benefits. 
In addition, automobile and ICT enterprises have dedicated to propose interoperable solutions for 
cellular V2X, based on 5G and on the enhancement of Long-Term Evolution (LTE) [47]. The 
Third Generation Partnership Project (3GPP) is working on V2X standardization by identifying 
use cases and associated potential requirements for LTE support of V2X services [48].  It will 
support the cooperative transportation systems with stringent reliability, low latency, high data 
rates, and larger communication range even in the high density scenarios [48].  
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 Modeling a Decision-Making Game for 
Merging Maneuvers in the Traditional 
Transportation Systems 

This chapter aims to model a stage game for human drivers’ decision-making in merging and 
expands the model based on the repeated game approach. The following subsections describe a 
structure of the stage game, payoff functions formulation, and the repeated game design in detail. 

This chapter is based on the papers listed below: 

1. Kang, K. and Rakha, H. A. (2019). A Repeated Game Theory Lane-Changing Model for 
Merging Maneuvers. Submitted to Sensors. 

2. Kang, K., & Rakha, H. A. (2018). Modeling driver merging behavior: a repeated game 
theoretical approach. Transportation Research Record: Journal of the Transportation 
Research Board, 2672(20), 144-153. doi: 10.1177/0361198118792982 

3. Kang, K. and Rakha, H. A. (2017, July). Development of a Decision Making Model for 
Merging Maneuvers: A Game Theoretical Approach. In Conference on Traffic and 
Granular Flow, Washington, DC., USA.  

4. Kang, K., & Rakha, H. A. (2017). Game theoretical approach to model decision making 
for merging maneuvers at freeway on-ramps. Transportation Research Record: Journal 
of the Transportation Research Board, 2623(1), 19-28. doi: 10.3141/2623-03 
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Introduction 

Based on the literature review, this study demonstrates issues to be discussed and studied in this 
dissertation, as follows. First, a lane changing is a tactical process with some transitions [49]. The 
tactical merging decision-making behavior should be modeled as an entire process from the 
beginning of the decision-making impetus to the execution of the lane change. To realistically 
model a driver’s lane-changing decision-making process, this study uses a game theoretical 
approach. When considering lane changes, it is assumed that a driver makes a trade-off between 
the expected advantage to him/herself and the disadvantage imposed on other drivers [10]. Drivers 
in the process of changing lanes converge to the equilibrium of a set of actions to maximize their 
advantages within an independent game. Typical lane-changing maneuvers are described as a non-
cooperative decision-making process to achieve their own objectives. 

To model merging maneuvers of drivers at a merging section on a freeway, this study proposes 
the stage game structure, and formulated the payoff functions through three-phase development 
[50-52]. In addition, the repeated game model, which a stage game is repeatedly played with 
consideration of previous game results, is introduced to depict realistic decision-making process. 
This chapter describes whole modeling process including the design of a stage game structure and 
payoff functions formulation, and concept of the repeated game model. 

Design of a Stage Game for Merging Decision-making Game 

The game model defines the number of players, action strategies of each player, and corresponding 
payoff functions to describe the outcome for each player throughout the game [53]. The merging 
decision-making process involves three vehicles: (1) the SV (i.e., merging vehicle), which makes 
a lane change to merge onto the freeway; (2) the LV, which is the closest following (lag) vehicle 
in the SV’s target lane; and (3) the preceding vehicle (PV), which is the nearest preceding vehicle 
in the SV’s target lane. In the absence of any connected vehicle technologies (e.g. V2V 
communication), drivers’ perceptions of their surrounding traffic conditions are subjective [39]. 
When drivers of both the subject vehicle and lag vehicle perceive each other, they immediately 
choose a maneuver depending on individual judgment. The decision-making process for 
performing merging maneuvers is modeled here as a stage game based on a game theoretical 
approach. 

A game consists of a number of players, a set of strategies for each player, and a payoff 
function to describe the outcome for each player throughout the game. The type of game proposed 
here is a two-person non-zero-sum non-cooperative game under complete information. In non-
cooperative games, players decide their strategies independently since communication between 
them is not allowed. The game consists of two players: the driver of SV and that of LV, 
respectively. The driver of SVS, who wants merge onto the freeway, has three action strategies 
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(see Figure 3-1(a)): change a lane for merging (𝑠0), wait for the LV’s overtaking maneuver in the 
acceleration lane (𝑠1), or overtake the PV and use a forward gap to merge (𝑠2). The opposite player 
the driver of LV has two action strategies (see Figure 3-1(b)): yield to allow the SV’s lane change 
maneuver (𝑙0) or block the SV’s merging maneuver by decreasing the spacing to the SV (𝑙1). In 
real life situations, the driver of LV can choose lane-changing to the left lane to avoid potential 
collision or considerable deceleration [18], and this lane-changing behavior was considered as a 
LV’s action strategy in [39]. Freeway vehicles on the rightmost lane generally change lanes from 
the rightmost lane upstream of the merging section after perceiving the approach of the merging 
vehicle in order to maintain their speed. Since this mainline vehicle’s lane change is conducted by 
independent behavior, not interaction with the merging vehicle, this study does not include a LV’s 
lane-changing action as one of the pure action strategies of the driver of LV in the proposed 
merging game. 

 (a)   
 

(b)      
Figure 3-1.  Players’ strategies for merging maneuver: (a) the driver of SV and (b) the driver of LV. 

Let 𝑆 = {𝑠0, 𝑠1, 𝑠2} and 𝐿 = {𝑙0, 𝑙1} denote the set of pure strategies for the drivers of the SV 
and LV, respectively. In addition, 𝑎"@ = +𝑠", 𝑙@- denotes a set of actions (𝑎"@ ∈ 𝑆 × 𝐿) where 𝑖 and 
𝑗 indicate the index of action strategies of each driver (i.e., 𝑖 = 1, 2, 3 and 𝑗 = 1, 2). Therefore, a 
total of six sets of action strategies were defined as the non-cooperative decision-making stage 
game for merging maneuvers. In these action strategies, (𝑠0,𝑙0), (𝑠1,𝑙1), and (𝑠2,𝑙0) are cooperative 
action strategies, whereas both (𝑠0,𝑙1) and (𝑠1,𝑙0) are non-cooperative strategies in which both 
players compete to achieve their objectives. The action strategy (𝑠2, 𝑙1) is neither cooperative nor 
competitive. The proposed stage game with imperfect information, which captures the fact that 
players are simply unaware of the actions chosen by other players, is represented in the extensive 
form as shown in Figure 3-2. In the figure, a dashed line uniting three nodes, which implies 
imperfect information, indicates that the players do not know which node they are in. It means that 
there is no sequence to make a decision thus the driver of LV does not know SV’s movement. 
Although there is no binding rule to make a decision together, players know who the opposite 
player is and what possible action strategies the other can choose. In other words, players choose 
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their action based on awareness of the other player and knowledge of the opposite player’s possible 
action strategies. Thus, this game is assumed to be a complete information game. Moreover, 𝑃"@ 
and 𝑄"@  denote the payoff of the drivers of the SV and LV for each action strategy 𝑎"@, respectively. 
As a non-zero-sum game, the sum of their payoffs in the game cannot be zero, because all players 
receive a corresponding payoff. Table 3-1 shows the structure of the defined decision-making 
game for a merging maneuver in normal form. 

 
Figure 3-2.  Merging decision-making game in the extensive form. 

Table 3-1  Structure of the Merging Decision-Making Game in Normal Form 

Player & Actions 
Driver of LV 

Yield, 𝑙0(𝑞0) b Block, 𝑙1(𝑞1) 

D
riv

er
 o

f 
SV

 

Change, 𝑠0(𝑝0) a (𝑃00, 𝑄00) c (𝑃01, 𝑄01) 

Wait, 𝑠1(𝑝1) (𝑃10, 𝑄10) (𝑃11, 𝑄11) 

Overtake, 𝑠2(𝑝2) (𝑃20, 𝑄20) (𝑃21, 𝑄21) 
a 𝑝" in parentheses denotes the probability assigned to the pure strategy 𝑠" of the driver of SV; ∑ 𝑝"2

"k0 = 1. 
b 𝑞@  in parentheses denotes the probability assigned to the pure strategy 𝑙@ of the driver of LV; ∑ 𝑞@1

@k0 = 1. 
c Note that P and Q denote the payoff for the drivers of the SV and LV, respectively. 

This study defines the decision time as the time at which the merging decision-making game 
is played by the two players. Wan et al. concluded that small speed differences between the 
merging vehicle and surrounding vehicles (i.e., the PV and LV) are required for successful merging 
[22]. Therefore, it is assumed that the driver of SV focuses on speed synchronization before 
arriving in the acceleration lane. As illustrated in Figure 3-3(a), both drivers initially decide their 
action by playing the game at the beginning point of the acceleration lane, while taking traffic 
conditions and the traveling status of the PV and LV into consideration. Additional stage games 
are formed by overtaking the PV (see Figure 3-3(b)) or waiting to be overtaken by the LV (see 
Figure 3-3(c)). In other words, the stage game is newly built by identification change of the player, 
which drives in the target lane. This study also assumed that drivers control vehicles to perform 
the action strategy decided by playing the game until the next stage game is played.  
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(a)  
 

(b)   
 

(c)  
Figure 3-3.  Defined game points in the merging decision-making game. (a) Initial game at the beginning 
point of an acceleration lane. (b) Additional game produced by the overtaking action of the driver of SV. 
(c) Additional game produced by the waiting action of the driver of SV (or the overtaking action of the 

driver of LV). 

Payoff Functions Formulation 

Prior to describe payoff function formulation, the process of game model development for this 
dissertation study is introduced first, as summarized in Table 3-2. The initial study proposed the 
stage game model to explain decision-making for merging maneuvers and formulated payoff 
functions using five decision factors: minimization of travel time, avoidance of collision (i.e., 
safety), travel efficiency, the LV’s expected acceleration, and remaining distance [50]. Then, the 
model has been updated twice by reformulating payoff functions for drivers. In the first revision, 
this study simplified payoff functions in order to limit the number of observations for model 
calibration and correlation between decision factors. The payoffs of the driver of SV were 
formulated by the expected gap and remaining distance, and the expected relative speed was 
considered as the main decision variable of the driver of LV [51]. Using multiple variables having 
different units indicates that the payoffs are able to be only interpreted as qualitative outcome to 
represent player’s preference. In addition, an error term utilized to capture unobserved variables 
was formulated as constant value, resulting in hardly consider driver’s randomness. In the last 
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update, therefore, the payoff functions were reformulated using efficient decision variables 
including random error term and propose monotone (unitless) functions by transformation of 
quantitative variables. In following subsections, payoff functions formulation of each model is 
described.  

Table 3-2.  The Process of Model Development  

Model type Decision factors in payoff functions Applied game type References 
1st Model • Payoffs of the driver of SV: minimization of travel 

time, avoidance of collision (i.e., safety), travel 
efficiency, the LV’s expected acceleration, and 
remaining distance 

• Payoffs of the driver of LV: safety, relative speed, 
and the expected acceleration 

One-shot game 
(Single game) 

[50] 

2nd Model • Payoffs of the driver of SV: the expected gap and 
remaining distance 

• Payoffs of the driver of LV: the expected relative 
speed 

One-shot game 
(Single game) 

[51] 

Repeated game [52] 

3rd Model • Payoffs of the driver of SV: safety and forced 
merging factor 

• Payoffs of the driver of LV: safety 

Repeated game  

 

3.3.1  Payoff functions in the first model (in [50]) 

In the literature lane-changing game theoretical approaches considered different payoff functions 
for players based on assumptions of the player objectives. For example, Kita assumed that each 
player’s behavior goal is to minimize their collision risk [40]. This assumption may result in trivial 
equilibrium solutions, as collision risks affect both players, and thus each player would have a 
similar magnitude of effects on game equilibrium [1] Liu et al. used the acceleration level for the 
payoff function of the driver of LV based on an assumption that the objective of the driver of LV 
is to minimize their speed variations [2]. They also assumed that the objective of the driver of SV 
is to minimize the time spent in an acceleration lane subject to safety constraints [2]. Talebpour et 
al. chose safety and speed gain as the main decision factors for driver’s lane change decision [39].  

It is hard to define a driver’s objective as a single factor since the decision-making process is 
complicated considering the surrounding vehicles, vehicle dynamics, and the road design. 
Consequently, this study considers multi-decision factors to formulate payoff functions for both 
drivers using multivariate functions. As in the literature, safety is necessarily one of the major 
factors in the proposed model because drivers tend to avoid collisions. In addition, speed variation 
is also an important decision factor as declared in [2]. As mentioned in the previous paragraph, 
Liu et al. assumed that the driver of SV wants to minimize the time spent in an acceleration lane. 
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Under congested traffic conditions (i.e., critical density or jam density), however, the driver tends 
to overtake and stays longer in the acceleration lane after perceiving lower freeway traffic speeds 
[2].  To consider this case, the expected travel time is considered as one of the decision factors in 
this study. To consider a forced merging situation, moreover, the remaining distance to the end of 
the acceleration lane is used in the payoff function to influence the lane-changing behavior. A 
detailed explanation of these factors is provided in the following section.  

Payoff Function of the driver of SV  

Upon entering the acceleration lane, the driver of SV chooses an action strategy from among three 
actions in the proposed merging game. After choosing a type of gap for the merge, the driver tries 
to carry out the decision by creating a sufficient gap distance. In the study, the payoff is formulated 
by defining the rewards obtained by the game as a utility function. This means that the action 
showing the highest payoff value provides the player with the highest benefit.  

Equation (3.1), (3.2), and (3.3) show the formulated payoff functions of the driver of SV for 
the three strategies—changing a lane, waiting, and overtaking, respectively—when the opposite 
player, i.e., the driver of LV, shows a yielding action. To interpret the terms included in the 
functions, the payoff function 𝑃00 is used here as an example. The first two terms on the right hand 
side of Equation (3.1) relate to the safety of the lag and lead vehicles, respectively. The third term 
comes from the expected travel time. The fourth term reflects travel efficiency as represented by 
the difference between the SV’s actual speed and desired speed. The fifth term is the expected 
acceleration level of the LV in the corresponding action. The sixth term is related to a forced 
merging situation when the remaining distance to the end of acceleration lane is too short for 
smooth lane changing. The last term is an error term included to capture the unobserved decision 
variables [39]. For the driver of SV, the payoff functions when the driver of LV decides to yield, 
denoted by P (in Table 3-1), are specified as: 

 
𝑃00 = 𝛼000 (∆𝑥*;,=; − 𝑥@ − 𝑥n=;) + 𝛼001 (∆𝑥%;,*; − 𝑥@ − 𝑥n*;) + 𝛼002 𝑡o + 𝛼00p (𝑣q*;

− 𝑣*;) + 𝛼00r 𝑎s=; + 𝛼00t exp(𝑥x 𝑥yz⁄ ) + 𝜀00*; 
(3.1) 

 𝑃10 = 𝛼100 (∆𝑥*;,=; − 𝑥@ − 𝑥n=;) + 𝛼101 𝑡} + 𝛼102 𝑎s=; + 𝜀10*;	 (3.2) 

 𝑃20 = 𝛼200 (∆𝑥%;,*; − 𝑥@ − 𝑥n*;) + 𝛼201 𝑡~ + 𝛼202 (𝑣q*; − 𝑣*;) + 𝜀20*;  (3.3) 

where 
•  ∆𝑥*;,=; : Longitudinal spacing between the SV and LV; 

•  𝑥@: Jam density spacing; 

•  𝑥n=;: Safe gap distance for the LV to avoid collision with the SV; 

•  ∆𝑥%;,*; : Longitudinal spacing between the PV and SV; 
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•  𝑥n*;: Safe gap distance for the SV to avoid collision with the PV;  

•  𝑡o: Expected travel time when deciding ‘change (𝑠0)’ action strategy; 

•  𝑣q*; : Desired speed (i.e., free-flow speed) of the SV to follow the PV in steady-state; 

•  𝑣*; : Speed of the SV; 

•  𝑎s=; : Expected acceleration for the ‘yield (𝑙0)’ action of the driver of LV to avoid a collision 
with the SV; 

•  𝑥x: Distance threshold for forced lane-changing (= 10	∙ 𝑥@); 

•  𝑥yz: Remaining distance in acceleration lane for the SV; 

•  𝑡}: Expected travel time if deciding on a ‘wait  (𝑠1)’ action strategy; 

•  𝑡~: Expected travel time if deciding on an ‘overtake (𝑠2)’ action strategy; 

•  𝜀00*;, 𝜀10*;, 𝜀20*;: Error terms to capture the unobserved variables; and  

•  𝛼000 , 𝛼001 ,	𝛼002 , 𝛼00p , 𝛼00r , 𝛼00t , 𝛼100 , 𝛼101 , 𝛼102 , 𝛼200 , 𝛼201 , 𝛼202 : Parameters to be estimated. 
Note that it is expected that the driver of SV will have different weights on variables for each 
action strategy.  

When the driver of LV chooses a blocking action, the payoff function of the driver of SV 
includes a different value and different weights on variables. The functions are organized in the 
same manner, and the meaning of each term is the same. In this paper, it is assumed that the 
expected acceleration of the LV in the function is affected only by the action of driver of LV. The 
payoff functions of the driver of SV when the opposite player decides to block are specified as: 

 
𝑃01 = 𝛼010 +∆𝑥*;,=; − 𝑥@ − 𝑥n=;- + 𝛼011 +∆𝑥%;,*; − 𝑥@ − 𝑥n*;- + 𝛼012 𝑡o

+ 𝛼01p (𝑣q*; − 𝑣*;) + 𝛼01r 𝑎�=; + 	𝛼01t exp(𝑥x 𝑥yz⁄ ) + 𝜀01*;  
(3.4) 

 𝑃11 = 𝛼110 (∆𝑥*;,=; − 𝑥@ − 𝑥n=;) + 𝛼111 𝑡} + 𝛼112 𝑎�=; + 𝜀11*;  (3.5) 

 𝑃21 = 𝛼210 (∆𝑥%;,*; − 𝑥@ − 𝑥n*;) + 𝛼211 𝑡~ + 𝛼212 (𝑣q*; − 𝑣*;) + 𝜀21*;  (3.6) 

where 
•  𝑎�=; : Expected acceleration for the ‘block’ action of the driver of LV to make a collision 

with the subject vehicle; 

•  𝜀01*;, 𝜀11*;, 𝜀21*;: Error terms to capture the unobserved variables; and 

•  𝛼010 , 𝛼011 ,	𝛼012 , 𝛼01p , 𝛼01r , 𝛼01t , 𝛼110 , 𝛼111 , 𝛼112 , 𝛼210 , 𝛼211 , 𝛼212 : Parameters to be estimated.  
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The detailed trade-off of each factor is specified as follows. The safety factor stems from a 
comparison of the actual gap distance and minimum gap to avoid a collision. Initially, the safe gap 
distance of the following vehicle is determined by the collision avoidance component in the Rakha-
Pasumarthy-Adjerid (RPA) model [54]. A safe gap distance variable for the LV, 𝑥n=;, is computed 
as: 

 𝑥n=; =
𝑣*;1 − 𝑣=;1

2𝑑���
 (3.7) 

where 𝑣*;  and 𝑣=;  are the speed of the SV and LV, respectively, and 𝑑���  is the maximum 
deceleration rate observed in the field. A safe gap distance for the SV, 𝑥n*;, is computed as: 

 𝑥n*; =
𝑣%;1 − 𝑣*;1

2𝑑���
 (3.8) 

where 𝑣%;  is the speed of the PV. This safe gap distance is only applied when the following vehicle 
is traveling at a speed higher than the speed of the lead vehicle [54]. For example, in Equation 
(3.7), the LV and SV is the following and lead vehicle, respectively. The safe gap distance of the 
LV denoted as 𝑥n=; only occurs when 𝑣*; < 𝑣=; . Otherwise, a value of 𝑥n=; equals to zero. Note 
that when ∆𝑥*;,=; − 𝑥@ − 𝑥n=; < 0 , the driver of SV incurs a penalty for merging, which 
encourages the driver to choose a waiting action. Otherwise, the driver can merge without colliding 
with the LV. This is applied identically to the relationship between the PV and SV in Equation 
(3.8).  

The travel time incentive factor implies that the driver of SV tends to minimize travel time. It 
is anticipated that travel time will be different depending on the chosen actions. The related terms 
have negative parameters to penalize for the SV’s expected travel time, meaning the driver of SV 
gets a large penalty when the expected travel time resulting from the chosen action is long.  

The travel efficiency is related to the deviation of the SV’s speed from the desired speed. The 
desired speed is obtained by the RPA model [54]: 

𝑣q*; =
−𝑐0 + 𝑐2𝑣q + ∆𝑥%;,*; − �(𝑐0 − 𝑐2𝑣q − ∆𝑥%;,*;)1 − 4𝑐2(∆𝑥%;,*;𝑣q − 𝑐0𝑣q − 𝑐1)

2𝑐2
 (3.9) 

where  
• 𝑐0: Fixed distance headway constant in the RPA model (= ����

���
[2𝑣o − 𝑣q]); 

• 𝑐1: The first variable headway constant in the RPA model (= ����
���

[𝑣q − 𝑣o]1); 

• 𝑐2: The second variable headway constant in the RPA model �= ��
��
− ����

���
�; 
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• 𝑣q:	Free-flow speed (𝑚/𝑠); 

• 𝑣o: Speed at capacity (𝑚/𝑠); and 

• 𝑥o: Vehicle spacing at capacity (𝑚). 

When 𝑣q*; − 𝑣*; > 0, it is efficient to merge. Otherwise, the driver of SV gets a penalty for 
changing a lane since the current vehicle speed is higher than the expected speed after merging.  

The acceleration of the LV is considered as a trade-off factor. If the driver of the LV 
accelerates to block a lane change of the subject vehicle, the lane change incurs a penalty. On the 
other hand, if the driver of LV chooses the yielding action, the payoff for the changing action is 
increased. 

The remaining distance is related to a forced merging maneuver. Close to the end of the lane, 
the remaining distance factor forces the subject vehicle to merge. This term was formulated using 
the Hardwall concept proposed by Rakha and Zhang (2004) and the exponential function 
suggested by Wang et al. (2015) as a route cost term for a cost function of lane-changing and car-
following controller [55, 56]. The Hardwall is an imaginary lane-changing wall for mandatory 
lane-changing and it is located at 10 times vehicle spacing at standstill (i.e., jam density spacing), 
𝑥@  [54]. When 𝑥x > 𝑥yz , this term considerably increases the payoff of the driver of SV to 
undertake a lane change. 

Payoff Function of the driver of LV 

The objective of the driver of LV is to maintain its car-following status subject to safety constraints. 
The payoff functions consist of the safety, speed difference between the PV and LV, expected 
acceleration level of the LV, and error terms as described above. For the driver of LV, the payoff 
functions, denoted by Q (in Table 3-1), are specified as: 

𝑄"@ = 𝛽000 +∆𝑥*;,=; − 𝑥@ − 𝑥n=;- + 𝛽001 ∆𝑣%;,=; + 𝛽002 𝑎s=; + 𝜀00=;,					∀	𝑖	 = 	1, 2, 3,			𝑗	 = 1, 2 (3.10) 

where 
• ∆𝑣%;,=; : Speed difference between the PV and LV; 

• 𝜀00=;, 𝜀01=;, 𝜀10=;, 𝜀11=;, 𝜀20=;, 𝜀21=;: Error terms to capture the unobserved variables; and 

• 𝛽"@0 , 𝛽"@1 , and 	𝛽"@2  for ∀	𝑖	 = 	1, 2, 3,			𝑗	 = 1, 2 are parameters to be estimated. Note that it is 
expected that the driver of LV will have different weights on variables for each action 
strategy.  
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3.3.2  Payoff functions in the second model (in [51]) 

Payoff functions in game models reveal the expected outcome (or reward) of each player when a 
specific action strategy set in the stage game is chosen at a time step 𝑡. In the first model, this study 
formulated the payoff functions for the both drivers by using five decision factors [50]. To reduce 
the number of parameters and decrease correlations between variables, this study uses the 
simplified payoff functions for both drivers. A detailed explanation of the payoff functions used 
here is provided in the following subsections. 

Payoff Functions for the driver of SV 

In the payoff functions for the driver of SV, the main decision factor is the expected gap based on 
the anticipated acceleration levels of the two vehicles in each set of action strategies; the forced 
merging factor is also considered. It is assumed that the driver of SV predicts whether there are 
available lag and lead gaps to merge onto a freeway at the next time step. If available gaps are 
difficult to assure, it should be assumed that the driver intends to either to overtake or wait. In 
addition, the third term in Equation (3.11) and (3.12) is the forced merging factor for considering 
the remaining distance in the decision-making process. If the driver is close to the end of the 
acceleration lane, they should merge onto the freeway due to the remarkable increase of the 
changed action’s payoffs. In other words, the model outcome should result in the driver of SV 
deciding to merge if there is not sufficient distance in the current lane for an ‘overtaking (𝑠2)’ or 
‘waiting (𝑠1 )’ action. As consideration of the forced merging situation, this third term was 
identically formulated using the Hardwall concept proposed by Rakha and Zhang as the 
exponential function [55]. Lastly, the last term in Equations (3.11) to (3.16) is an error term 
included to capture the unobserved utility. The payoff functions of the driver of SV, denoted by 
𝑃"@	 (𝑖	 = 	1,2,3 and 𝑗	 = 1,2), are specified as: 

 𝑃00 = 𝛼000 ∆𝑥00
*;,=;(𝑡 + ∆𝑡) + 𝛼001 ∆𝑥00

%;,*;(𝑡 + ∆𝑡) + 𝛼002 exp(𝑥x 𝑥yz⁄ ) + 𝜀00*;  (3.11) 

 𝑃01 = 𝛼010 ∆𝑥01
*;,=;(𝑡 + ∆𝑡) + 𝛼011 ∆𝑥01

%;,*;(𝑡 + ∆𝑡) + 𝛼012 exp(𝑥x 𝑥yz⁄ ) + 𝜀01*;  (3.12) 

 𝑃10 = 𝛼100 ∆𝑥10
*;,=;(𝑡 + ∆𝑡) + 𝜀10*;  (3.13) 

 𝑃11 = 𝛼110 ∆𝑥11
*;,=;(𝑡 + ∆𝑡) + 𝜀11*;  (3.14) 

 𝑃20 = α200 ∆𝑥20
%;,*;(𝑡 + ∆𝑡) + 𝜀20*;  (3.15) 

 𝑃21 = α210 ∆𝑥21
%;,*;(𝑡 + ∆𝑡) + 𝜀21*;  (3.16) 

where 
• ∆𝑥"@

*;,=;(𝑡 + ∆𝑡) = the expected lag gap between the SV and LV in the action strategies set 
(si, lj) at time 𝑡 + ∆𝑡 (in 𝑚); 
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• ∆𝑥"@
%;,*;(𝑡 + ∆𝑡) = the expected lead gap between the PV and SV in the action strategies set 

(si, lj) at time 𝑡 + ∆𝑡 (in 𝑚); 

• 𝑥x = the distance threshold for forced lane-changing (= 10	∙ 𝑥@) (in 𝑚); 

• 𝑥yz = the remaining distance in the acceleration lane for the SV (in 𝑚); 

• 𝜀"@*  = an error term to capture the unobserved payoffs; and 

• 𝛼000 , 𝛼001 , 𝛼002 , 𝛼010 , 𝛼011 , 𝛼012 , 𝛼100 , 𝛼110 , 𝛼200 , 𝛼210  = parameters to be estimated. Note that it is 
expected that the driver of SV will have different weights on variables for each action 
strategy. 

Payoff Functions for the driver of LV 

For the payoff function of the driver of LV, it is assumed that the driver evaluates the future driving 
condition according to the speed difference between the SV and LV. The expected relative speed 
is used for the decision factor of the driver of LV in this study. The driver wants to maintain the 
car-following status and also perceives the SV’s intention to merge when there is available spacing. 
Therefore, it is assumed that a ‘yield (𝑙0)’ action has priority for the driver of LV if there is no 
considerable decrease of speed expected. In other words, if the driver of LV is not affected by a 
merging action of the driver of SV, the former generally chooses the ‘yield (𝑙0)’ action.  

If the relative speed between two vehicles is positive or close to zero, the driver of LV will 
likely choose the ‘yield (𝑙0)’ action. Otherwise, the driver of LV will likely try to block the SV’s 
merging due to an anticipated decrease of speed. The payoff functions of the driver of LV denoted 
by 𝑄"@  are specified as: 

 𝑄"@ = 𝛽"@0 ∆�̇�"@
*;,=;(𝑡 + ∆𝑡) + 𝜀"@=;,								∀	𝑖	 = 	1,2,3, 𝑗	 = 1,2 (3.17) 

where 
• ∆�̇�"@

*;,=;(𝑡 + ∆𝑡) = the expected relative speed between the SV and LV in the action strategies 
set (𝑠", 𝑙@) at time 𝑡 + ∆𝑡 (in 𝑚/𝑠);  

• 𝜀"@=; = an error term to capture the unobserved payoffs; and 

• 𝛽"@0  = a parameter to be estimated. 

3.3.3  Payoff functions in the third model 

In previous game theory-based-models, the payoff functions for two players were formulated using 
the significant decision factors, such as safety, spacing (or gap), relative speed, travel time, 
expected acceleration level, remaining distance to reach the end of acceleration lane, and so on [2, 
39-40, 50-52, 57]. In the first model, this study initially proposed the payoffs using five decision 



K. Kang                                          Chapter 3.  Non-cooperative Merging Decision-making Model 

 

 37 

factors: minimization of travel time, avoidance of collisions (i.e., safety), travel efficiency, the 
LV’s expected acceleration, and remaining distance [50]. In a following study, the payoffs of the 
driver of SV were formulated by the expected gap and remaining distance, and the expected 
relative speed was considered as the other driver’s main decision variable [51]. Both previous 
studies used multiple dimensioned variables making the payoffs as only interpreted as qualitative 
outcome to represent player’s preference. In addition, an error term was considered to capture 
unobserved variables was formulated as a constant value, resulting in minimal consideration of a 
driver’s randomness. As described previously, therefore, this study updates the payoff functions 
to use efficient decision variables including a random error term and proposes monotone (unitless) 
functions by transformation of quantitative variables. This section introduces the decision 
variables, and then presents the reformulated payoff functions for each driver. 

Decision variables   

a)  Safety payoff 

Among various decision factors, safety is a key factor for human drivers’ decisions to avoid a 
potential collision or not induce a dangerous situation. Yu et al. (2018) used time headway as a 
safety payoff [57], as presented in Equation (3.18): 

 ℎ%;,*;(𝑡) =
𝑥%;(𝑡) − 𝑥*;(𝑡)

𝑣*;(𝑡)
 (3.18) 

where 𝑥%;(𝑡) and 𝑥*;(𝑡) are positions of the (potential) PV and SV at instant time 𝑡, respectively; 
and 𝑣*;(𝑡) is speed of the SV at time 𝑡. However, they did not take the speed of a PV into account. 
In [51], the expected spacing between vehicles, indicating a possibility to ensure safe distance with 
consideration of vehicles’ speed and acceleration levels, was used. Additionally, Wang et al. (2018) 
used a penalty formulated using relative speed and gap distance [58]. Kita used TTC between 
vehicles as the main payoff [40] as defined in Equation (3.19): 

 𝑇𝑇𝐶%;,*;(𝑡) =
𝑥%;(𝑡) − 𝑥*;(𝑡) − 𝑙%;
𝑣*;(𝑡) − 𝑣%;(𝑡)

								if		𝑣*;(𝑡) > 𝑣%;(𝑡) (3.19) 

where 𝑙%; denotes the length of the PV; and 𝑣%;(𝑡) is the speed of the PV at instant time 𝑡.  

The interactive effects of relative speed and gap distance are contained in the single measure 
TTC [59]. Brackstone et al. (1999) collected realistic data using an instrumented vehicle equipped 
with relative distance- and speed-measuring sensors [60]. Observations of vehicle trajectories from 
five participants showed that TTC is a major factor in lane-changing decisions. Most collision 
avoidance systems (or pre-crash safety systems) applied in a vehicle use the instantaneous TTC to 
evaluate collision risk [61]. Moreover, Vogel (2003) recommended to use TTC for evaluation of 
safety because it indicates the actual occurrences of dangerous situations [62]. Vogel also noted 
that a situation with a small TTC is imminently dangerous, and that a situation with a small 
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headway and relatively large TTC is a potentially dangerous situation. Therefore, this study 
proposes the integrated safety payoff function 𝐴* with consideration of not only TTC but also 
headway, which was formulated using the hyperbolic tangent function, as presented in Equation 
(3.20) and (3.21). 

𝐴%;,*;* =

⎩
⎪
⎨

⎪
⎧�𝑡𝑎𝑛ℎ �

𝑇𝑇𝐶%;,*;(𝑡)
𝑡* − 1  + 𝑡𝑎𝑛ℎ �

ℎ%;,*;(𝑡)
𝑡* − 1 ¡ × 0.5,								if	𝑣*;(𝑡) > 𝑣%;(𝑡)

�1+ 𝑡𝑎𝑛ℎ �
ℎ%;,*;(𝑡)

𝑡* − 1 ¡ × 0.5,																																												𝑜. 𝑤.																			
 (3.20) 

𝐴*;,=;* =

⎩
⎪
⎨

⎪
⎧�𝑡𝑎𝑛ℎ �

𝑇𝑇𝐶*;,=;(𝑡)
𝑡* − 1  + 𝑡𝑎𝑛ℎ �

ℎ*;,=;(𝑡)
𝑡* − 1 ¡ × 0.5,								if	𝑣=;(𝑡) > 𝑣*;(𝑡)

�1+ 𝑡𝑎𝑛ℎ �
ℎ*;,=;(𝑡)

𝑡* − 1 ¡ × 0.5,																																												𝑜. 𝑤.																			
 (3.21) 

Here 𝑡* = min	( yz§¨
�§¨(©)

, 3) denotes minimum safe time headway between the 3-second rule for the 

minimum safe following distance recommended by the National Safety Council [63] and the time 
headway to reach the end of the acceleration lane (= yz§¨

�§¨(©)
).  

The safety payoffs of both drivers for the action strategies were formulated to satisfy 𝑈* ∈
[−1,1], as shown in Equation (3.22) to (3.25). 

 𝑈*;* (𝑠0) = 0.5+𝐴%;,*;* +	𝐴*;,=;* - (3.22) 

 𝑈*;* (𝑠1) = −	𝐴*;,=;*  (3.23) 

 𝑈*;* (𝑠2) = −	𝐴%;,*;*  (3.24) 

 𝑈=;* (𝑙0) = 𝐴*;,=;* = −𝑈=;* (𝑙1) (3.25) 

For the ‘change (𝑠0)’ action of the driver of SV, 𝑈*;* (𝑠0) was formulated as the average of safety 
payoffs taking both the PV and LV in the target lane into account. For the ‘wait (𝑠1)’ and ‘overtake 
(𝑠2)’ action of the driver of SV, on the other hand, the driver’s safety payoffs were formulated to 
consider only the corresponding vehicle related to each action strategy. Likewise, it was assumed 
that the driver of LV also evaluates their safety in consideration of the SV only.  

As shown in the safety payoff formulation, the safety payoffs vary by spacing between 
vehicles and each vehicle’s speed. Figure 3-4 shows the prospective safety payoffs of the driver of 
SV at various speeds of the three vehicles (i.e., PV, SV, and LV), with the SV in different positions 
between the PV and LV. In this example, spacing between the PV and LV is constant at 77 m. 
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Figure 3-4(a) presents the case in which the SV is located close to the PV. In other words, the lead 
gap ∆𝑥%;,*;  is small and the lag gap ∆𝑥*;,=;  is large. If 𝑣%; > 𝑣*; , 𝑈*;* (𝑠0)  is greater than 
𝑈*;* (𝑠2) . Otherwise, the driver of SV is attracted to choose the ‘overtake ( 𝑠2 )’ action in 
consideration of safety. In the second case described in Figure 3-4(b), the SV is located at the 
middle position between the PV and LV. Therefore, the ‘change (𝑠0)’ action is relatively attractive, 
i.e., 𝑈*;* (𝑠0) > 𝑈*;* (𝑠1) and, 𝑈*;* (𝑠0) > 𝑈*;* (𝑠2) even if 𝑣*;	is slightly less than 𝑣%;	and 𝑣=;. The 
the ‘overtake (𝑠2)’ action is attractive when 𝑣*; ≫ 𝑣%;, and 𝑈*;* (𝑠1) is greater than 𝑈*;* (𝑠0) when 
𝑣*; ≪ 𝑣=; . The last case, in which the SV is close to the LV, represents the case where the driver 
of SV is drawn to choosing the ‘wait (𝑠1)’ action if 𝑣=; > 𝑣*; . If 𝑣*; > 𝑣=;, the ‘change (𝑠0)’ 
action is more attractive. From these cases, transformed safety payoffs are reasonable to represent 
the general decision-making results of the driver of SV. 

 
Figure 3-4.  Safety payoffs of the driver of SV for the 𝑠0, 𝑠1, and 𝑠2 action: (a) close to the PV (∆𝑥*;,=; =
	67	𝑚, ∆𝑥%;,*; = 	10	𝑚); (b) middle position between PV and LV (∆𝑥*;,=; = 	38	𝑚, ∆𝑥%;,*; = 	39	𝑚); 

(c) close to the LV (∆𝑥*;,=; = 	10	𝑚, ∆𝑥%;,*; = 	67	𝑚).  
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Figure 3-5 presents the safety payoffs for the driver of LV in the three cases described above. 
In Figure 3-5(a), which shows that ∆𝑥*;,=;	is considerably large, the driver of LV desires to choose 
the ‘yield (𝑙0)’ action, except in the case where 𝑣6 ≪ 𝑣670. These payoffs seem to be reasonable 
because the LV is far away from the SV. In the second case, the ‘yield (𝑙0)’ action is attractive as 
well. This case is similar to a real field situation, where the lane-changing action of the following 
vehicle in the target lane mostly shows cooperation in order to accept the merging vehicle’s lane 
change. In the third case, the huge deceleration is expected to provide a gap to the SV because the 
LV is close to the SV. Therefore, the safety payoffs of the driver of LV for the ‘block (𝑙1)’ action 
is higher than that for the 𝑙0 action if 𝑣*; < 𝑣=; . Otherwise, the safety payoff of the driver of LV 
for the ‘yield (𝑙0)’ action is slightly higher, except in a freeway congested traffic condition (i.e., 
𝑣*; ≫ 𝑣=;). 

 
Figure 3-5.  Safety payoffs of the driver of LV for the 𝑙0 and 𝑙1 action: (a) close to the PV (∆𝑥*;,=; =
	67	𝑚, ∆𝑥%;,*; = 	10	𝑚); (b) middle position between PV and LV (∆𝑥*;,=; = 	38	𝑚, ∆𝑥%;,*; = 	39	𝑚); 

(c) close to the LV (∆𝑥*;,=; = 	10	𝑚, ∆𝑥%;,*; = 	67	𝑚).  
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b)  Forced merging payoff for the driver of SV 

According to the empirical field data collected at a freeway merging section, the driver of a vehicle 
entering through an on-ramp usually accelerates for speed-harmonization with freeway vehicles. 
The driver of SV then selects a gap to merge onto the freeway. In congested traffic conditions, 
however, the merging vehicles travel at a higher speed than the surrounding vehicles on the 
freeway. Thus, the driver occasionally rejects the initial gap and then uses a farther forward gap 
close to the end of the acceleration lane. Wan et al. found that merging vehicles pass freeway 
vehicles and try to find an acceptable gap to merge onto the freeway after traveling longer than the 
normal merging cases in congested traffic conditions [22]. Marczak et al. (2013) analyzed data 
collected at two sites to find variables related to gap acceptance, concluding that the distance to 
the end of the acceleration lane is a significant variable [64]. Also, Hwang and Park (2005) 
concluded that the remaining distance is the most important factor for determining gap acceptance; 
the driver will most likely accept a smaller gap if the remaining distance to the end of the 
acceleration lane is smaller [65]. In order to consider the case in which a vehicle merges close to 
the end of the acceleration lane, the payoff function of the driver of SV should include a term 
called the forced merging payoff, which relates the remaining distance to the end of the 
acceleration lane. It affects that the driver decides the ‘change (𝑠0)’ action at the decision point 
where the remaining distance is considerably short.  

This study formulated the forced merging payoff as a function of the remaining distance and 
𝑣*;(𝑡). There is an assumption that the end of the acceleration lane is an imaginary preceding 
vehicle that is stopped. The presence of this imaginary vehicle, which is also considered as a hard 
wall, means the driver of SV cannot drive further due to the restricted length of the acceleration 
lane. Thus, the expected safety distance to maintain the instant speed of the SV, 𝑣*;(𝑡), was 
estimated by a car-following model. This study used the RPA car-following model, which was 
first developed by Rakha et al. (2009) [66]. Performance of the RPA car-following model has been 
validated against naturalistic driving data [54]. This study estimated the safety distance for the SV, 
𝑥*;°±(𝑡) using the RPA model’s two components: steady-state traffic stream behavior and collision 
avoidance. The steady state modeling applies the Van Aerde’s steady state car-following model 
[67, 68], which is a non-linear single regime function of vehicle speed and spacing. The first safe 
spacing (i.e., safety distance) provided by the steady-state model is 

 𝑥*;
°±_0(𝑡) = 	𝑐0 + 𝑐2 ∙ 𝑣*;(𝑡) +

o�
�³´�§¨(©)

. (3.26) 

Here 𝑣µ indicates the free-flow speed. The model coefficients can be computed as  

 𝑐0 =
𝑣µ
𝑘@𝑣o1

+2𝑣o − 𝑣µ-, (3.27) 
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 𝑐1 =
𝑣µ
𝑘@𝑣o1

+𝑣µ − 𝑣o-
1
, (3.28) 

 𝑐2 =
1
𝑞o
−

𝑣µ
𝑘@𝑣o1

, (3.29) 

where 𝑘@ , 𝑣o , and 𝑞o  indicate the jam density, speed-at-capacity, and saturation flow rate, 
respectively. The detailed definition of these coefficients is described in [67]. 

As the second component of the RPA model, collision avoidance was modeled to avoid 
incidents at non-steady state conditions [54]. The second safe spacing estimated by collision 
avoidance is defined in Equation (3.30). 

 𝑥*;
°±_1(𝑡) = 	

𝑣*;(𝑡)1

2 ∙ 𝑎�"6
+ 𝑥@ (3.30) 

where 𝑎�"6  and 𝑥@ denote the minimum acceleration (i.e., maximum deceleration) and the jam 
spacing, respectively. 

The maximum value of two safe spacings, 𝑥*;
°±_0(𝑡)  and 𝑥*;

°±_1(𝑡) , is considered as the 
expected safe spacing to maintain current speed. 

 𝑥*;°±(𝑡) = max	+𝑥6
°±_0(𝑡), 𝑥6

°±_1(𝑡), 𝑥���yz - (3.31) 

where 𝑥���yz  is the maximum of the remaining distance, i.e., the longitudinal length of the 
acceleration lane. 

To balance each payoff, this study re-formulated the forced merging payoff of the driver of 
SV, 𝑈*;±¸ . 

 𝑈*;±¸ = ¹
max	+𝑥𝑆𝑉𝐶𝐹(𝑡) − 𝑥𝑆𝑉𝑅𝐷(𝑡), 0-

𝑥𝑆𝑉𝐶𝐹(𝑡)
»
1

 (3.32) 

where 𝑥*;yz(𝑡) indicates the remaining distance for the SV in the acceleration lane at time 𝑡. This 
formulation satisfies 𝑈*;±¸ ∈ [0,1] as shown in Figure 3-6. If the remaining distance is shorter than 
𝑥*;°±(𝑡), 𝑈*;±¸  begins to have positive payoffs, inducing a preference for the ‘change (𝑠0)’ action. 
This term presents greater payoffs when 𝑣*;(𝑡) is faster. 
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Figure 3-6.  Forced merging payoff by the remaining distance at various speeds. 

Payoff functions for the drivers of the SV and LV 

Table 3-3 represents the updated merging decision-making model in normal form. The payoff 
functions of the driver of SV consist of both the safety and forced merging payoffs, and those of 
the driver of LV include the safety payoffs only. In order to capture unobserved utility, both players’ 
payoff functions also have an error term, which was assumed to be normally distributed as 
𝜀"@*;	~/	=;	~	𝑁(0, 1). The parameters in the payoff functions, i.e., set of 𝛼"@ and 𝛽"@ (𝑖 = 1,2,3 and 𝑗 
= 1, 2), are parameters to be estimated.  

Table 3-3.  Game Structure and Payoff Functions of the Merging Decision-Making Game in Normal 
Form 

Player & Actions 
Driver of LV 

Yield [𝑙0(𝑞0)] b) Block [𝑙1(𝑞1)] 

D
riv

er
 o

f S
V

 

Change 
[𝑠0(𝑝0)] a) 

• 𝑃00 = 𝛼000 + 𝛼001 𝑈*;* (𝑠0) + 𝛼002 𝑈*;±¸ + 𝜀00*; 
• 𝑄00 = 𝛽000 + 𝛽001 𝑈=;* (𝑙0) + 𝜀00=; 

• 𝑃01 = 𝛼010 + 𝛼011 𝑈*;* (𝑠0) + 𝛼012 𝑈*;±¸ + 𝜀01*; 
• 𝑄01 = 𝛽010 + 𝛽011 𝑈=;* (𝑙1) + 𝜀01=; 

Wait 
[𝑠1(𝑝1)] 

• 𝑃10 = 𝛼100 + 𝛼101 𝑈*;* (𝑠1) + 𝜀10*; 
• 𝑄10 = 𝛽100 + 𝛽101 𝑈=;* (𝑙0) + 𝜀10=; 

• 𝑃11 = 𝛼110 + 𝛼111 𝑈*;* (𝑠1) + 𝜀11*; 
• 𝑄11 = 𝛽110 + 𝛽111 𝑈=;* (𝑙1) + 𝜀11=; 

Overtake 
[𝑠2(𝑝2)] 

• 𝑃20 = 𝛼200 + 𝛼201 𝑈*;* (𝑠2) + 𝜀20*; 
• 𝑄20 = 𝛽200 + 𝛽201 𝑈=;* (𝑙0) + 𝜀20=; 

• 𝑃21 = 𝛼210 + 𝛼211 𝑈*;* (𝑠2) + 𝜀21*; 
• 𝑄21 = 𝛽210 + 𝛽211 𝑈=;* (𝑙1) + 𝜀21=; 

a) 𝑝" in parentheses denotes the probability assigned to the pure strategy of the driver of SV, 𝑠"; ∑ 𝑝"2
"k0 = 1. 

b) 𝑞@  in parentheses denotes the probability assigned to the pure strategy of the driver of LV, 𝑙@; ∑ 𝑞@1
@k0 = 1. 
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Development of the Model Using a Repeated Game Concept 

In the game model, one of the characteristics to be specified is the number of games to be repeated 
[40]. Aside from [52], none of the other game theory-based models reviewed in this study have 
used the repeated game approach. In the authors’ previous study, a repeated game approach was 
used in order to depict a practical decision-making process for merging maneuvers. In real life, at 
a freeway merging section in a traditional transportation environment, a driver continuously makes 
a decision using the data taken in by sight and controls the vehicle to fulfill their decision. When 
the merging vehicle enters the acceleration lane, the driver of SV selects a gap type to change a 
lane and then directs their vehicle accordingly. The driver controls the acceleration level to 
synchronize vehicle speed with freeway vehicles and ensure a safe gap distance [18, 22]. During 
this lane-changing preparation process, the driver of SV repeatedly checks surroundings to judge 
if their decision can be fulfilled and tries to follow-up on their decision. In this study, therefore, 
this repetition in decision-making for merging maneuvers prior to lane-changing execution was 
regarded as playing the game repeatedly.  

In game theory, the repeated game consists of a number of repetitions of a stage game. When 
players interact by playing a similar stage game numerous times, the game is called a dynamic, or 
repeated game. As shown in Figure 3-7, the repeated game concept implies that a stage game with 
identical structure is repeatedly played until termination of the game, which is divided into two 
classes: finite or infinite, depending on the players’ beliefs about the number of repetitions. In this 
study, the decision-making game for merging was regarded as an infinitely repeated game because 
the players in the game do not know how many times the game will be repeated. Note that for an 
infinitely repeated game, the stage game will not necessarily be repeated an infinite number of 
times. 

Furthermore, if the identity of the players changes, the base stage game is reset as a new stage 
game between the driver of SV and the fresh driver of LV at time step 𝑡0. Each driver makes a 
decision at a given time step t in consideration of the entire history of play in previous time steps. 
Drivers do not know what the opponent will choose without any communication system at a given 
time step t, but recognize the other driver’s decision made in previous time steps by observing the 
other vehicle’s relative speed or acceleration level. Thus, this game is also regarded as an imperfect 
information game with perfect recall (or monitoring). It allows a player to condition their current 
action in consideration of their opponent’s earlier actions. 

  
Figure 3-7.  Conceptual diagram of a repeated game for merging decision-making (in [52]). 
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Drivers (i.e., players) interact by playing a stage game numerous times. As a summary of 
explanation about the game model type, the one-shot game model implies that previous game 
results do not affect the present game, while the decision-makers take previous game results into 
account in the repeated game model, as illustrated in Figure 3-8. This study uses the cumulative 
payoffs to prevent the repeated fluctuations in payoffs, as proposed in [52]. The stage decision-
making game is conducted periodically and repeatedly over discrete time periods 𝑇 ∈ [𝑡0, 𝑡6]. 
Time preference is considered by assuming that future payoffs are weighted proportionately at rate 
𝛿, called the rate factor. Cumulative payoffs of the driver 𝑑 for action strategy 𝑎"@, i.e., 𝑈"@q = 𝑃"@ 
or 𝑄"@ , are presented in Equation (3.33). 

 𝑈"@q(𝑇) = 	½𝛿©´0𝑢"@q (𝑡)
©¾

©¿

 (3.33) 

Here 𝑢"@q (𝑡) is a utility of a driver 𝑑 for an action strategy set (𝑠", 𝑙@) at time step 𝑡; 𝑇 is the number 
of decision-making time steps; and 𝑑 denotes a driver, i.e., player in a game, driver of SV or that 
of LV. The rate factor 𝛿 = 0 implies that the present has no value [69]. Like the assumption in the 
previous study, in other words, players follow the action strategy decided at the initial game point 
without change of their former decisions. Otherwise 𝛿  = 1 means that the present is just as 
important as the past [69]. In addition, 0 < 𝛿 < 1 indicates that the past more valuable than the 
present; 𝛿 > 1 denotes that the current payoffs are more meaningful than the past payoffs. 

 
Figure 3-8.  Decision-making game based on the repeated game approach in extensive form. 
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  Evaluation of Merging Decision-Making 
Game Models 

This chapter presents evaluation of game models developed in previous chapter. The game 
models are calibrated using the Next Generation SIMulation (NGSIM) data, then the model 
validation results are provided. In addition, this study conducts a sensitivity analysis to evaluate 
whether the developed stage game model can depict rational merging decision-making 
according to variation of the related factors. Moreover, this study develops an agent-based model 
integrated with the game models. The case study compares simulation results based on each 
game model, i.e., the repeated game model or the one-shot game model, in cooperative and 
competitive merging scenarios. The results indicate evidence of benefit to use the repeated game 
approach that previous decision-making results take into account.  

This chapter is based on the papers listed below: 

1. Kang, K. and Rakha, H. A. (2019). A Repeated Game Theory Lane-Changing Model for 
Merging Maneuvers. Submitted to Sensors. 

2. Kang, K., & Rakha, H. A. (2018). Modeling driver merging behavior: a repeated game 
theoretical approach. Transportation Research Record: Journal of the Transportation 
Research Board, 2672(20), 144-153. doi: 10.1177/0361198118792982 

3. Kang, K. and Rakha, H. A. (2017, July). Development of a Decision Making Model for 
Merging Maneuvers: A Game Theoretical Approach. In Conference on Traffic and 
Granular Flow, Washington, DC., USA.  

4. Kang, K., & Rakha, H. A. (2017). Game theoretical approach to model decision making 
for merging maneuvers at freeway on-ramps. Transportation Research Record: Journal 
of the Transportation Research Board, 2623(1), 19-28. doi: 10.3141/2623-03 
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Next Generation SIMulation (NGSIM) Data 

To help achieve wider acceptance of the use of microsimulation systems and ensure the tools 
provide accurate results, the Next Generation SIMulation (NGSIM) program was launched as 
Traffic Analysis Tools Program of the Federal Highway Administration (FHWA) [43]. It was 
conducted through a public-private partnership between FHWA and commercial microsimulation 
software developers, the academic research community, and the traffic microsimulation 
community. One of objectives of the program is to collect real-word data for the research, 
development, and validation of behavioral algorithms. The vehicle trajectory data, which was 
recorded every one-tenth of a second, were collected using digital video cameras like the one 
shown in Figure 4-1.  

 
Figure 4-1.  A digital video camera mounted on top of a building that overlooks a highway is recording 

vehicle trajectory data. 

One of several datasets collected under the NGSIM program is the US Highway 101 (US 101) 
dataset [43] which was used in this study for model evaluation. The vehicle trajectory data on a 
segment of U.S. Highway 101 (Hollywood Freeway) in Los Angeles, California collected between 
7:50 a.m. and 8:35 a.m. on June 15th, 2005 [70]. The study area, as illustrated in Figure 4-2, was 
approximately 640 meters (2,100 feet) in length and consisted of five mainline lanes throughout 
the section. An auxiliary lane is present through a portion of the corridor between the on-ramp at 
Ventura Boulevard and the off-ramp at Cahuenga Boulevard and the lane length is approximately 
212 𝑚. Eight synchronized digital video cameras, mounted from the top of a 36-story building 
adjacent to the freeway, recorded vehicles passing through the study area. This vehicle trajectory 
data transcribed from the video provide the precise location of each vehicle within the study area 
every one-tenth of a second, resulting in detailed lane positions and locations relative to other 
vehicles. These data represent the buildup of congestion, or the transition between uncongested 
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and congested conditions, and full congestion during the peak period [70]. The vehicle speeds on 
the main lane varied from 32.18 to 49.88 km/h during the 45 minutes of data collection, while the 
average speed of the on-ramp merging vehicles when entering the auxiliary lane was around 50.01 
km/h [22]. 

 
Figure 4-2.  Study area schematic and camera coverage for vehicle trajectory data collected on US 101 (in 

[70]). 

Evaluation of the First Model (in [50]) 

4.2.1  Preparation of Observation Dataset 

To calibrate the proposed model, the observational data for each set of pure strategies were 
extracted and classified. It is important for model evaluation that the action strategies for the 
drivers of the SV and LV are identified for each case considering only vehicle trajectory data. 
Talebpour et al. proposed an identification method based on the visual observation; however, they 
noted that the method can induce significant error [39]. In addition, it is difficult to define the exact 
point at which a driver decides to initiate a merging maneuver, (i.e., the point the signal light is 
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turned on). This study suggests a simple method to categorize the observed data. In this work, it is 
assumed that the decision of the driver of SV is categorized by a comparison of the configuration 
of the surrounding vehicles (i.e., the PV and LV) during travel in the imaginary decision-making 
section of the acceleration lane (see Figure 4-3). If there is no change with both the PV and LV in 
the section, the driver of SV is considered to choose a ‘change (𝑠0)’ action at the beginning of the 
wall. On the other hand, if the potential PV and LV are replaced due to a change of circumstance 
(e.g., LV’s ‘block (𝑙1)’ action and SV’s ‘overtake (𝑠2)’ or ‘wait (𝑠1)’ action), the decision of the 
driver of SV will be a ‘wait (𝑠1)’ or ‘overtake (𝑠2)’ action, and a new decision point is considered.  

 
Figure 4-3.  Imaginary section to extract data for model calibration and validation. 

To identify the observed action strategies of the driver of LV, Liu et al. analyzed and screened 
the speed profiles of the SV and LV in each merging case [2]. In the NGSIM data, however, the 
acceleration data collected every 0.1 s showed fluctuations that were affected by the car-following 
situation. Using the acceleration level as a standard to classify the maneuvers chosen by the driver 
of LV is considerably challenging. Therefore, this study proposes the longitudinal spacing between 
the lead and lag vehicles, i.e., PV and LV, as the classification standard herein as shown in Figure 
4-4. It is assumed that the gap distance between the two vehicles in the target lane reveals the LV’s 
maneuvers considering the expected SV’s lane change. In Figure 4-4(a), the gap distance between 
the SV and LV is less than 3 𝑚  at the beginning wall. Although the LV has a non-negative 
acceleration, it is regarded to reveal a ‘yield (𝑙0)’ action by increasing the gap distance between 
the PV and LV in the imaginary section. On the other hand, the action of the driver of LV is 
classified as a ‘block (𝑙1)’ action when the gap distance between the two vehicles on the target 
lane decreases in the section as shown in Figure 4-4(b). 

In this study, a total of 378 cases, at the time to play the merging decision-making game, were 
extracted. All possible data were screened to test the model using a large number of data to capture 
various merging maneuvers. Nevertheless, the cases showing the ‘wait (𝑠1)‘ action of the driver 
of SV were rare; only four cases were identified since the NGSIM data were collected during a 
peak hour.  
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(a) SV (vehicle ID: 344) and LV (vehicle ID: 306) in yielding situation. 

 
(b) SV (vehicle ID: 303) and LV (vehicle ID: 290) in blocking situation.  

Figure 4-4.  Gap distance and acceleration for a comparison of the action strategies of the driver of LV (in 
the observed data from 8:20 a.m. to 8:35 a.m.). 

4.2.2  Model Calibration 

To calibrate the merging decision-making model, this study followed the calibration method 
proposed by [2]. Figure 4-5 shows the schematic workflow used in model calibration. (𝐴C  and 𝐵C  
denotes all parameters to be estimated for the payoff functions of the drivers of the SV and LV, 
respectively.) Liu et al. proposed a parameter estimation method by solving a bi-level 
programming problem [2]. The upper level is a non-linear programming problem to minimize the 
system total deviation from actual observed action: 
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 min 	½(
6

"k0

1 − 𝑥") (4.1) 

where i is the index of observations, n is the number of observations in the dataset. 𝑥" denotes an 
indicator of model prediction. It indicates that the proposed model estimates correctly for both 
drivers’ action, specified as: 

 𝑥" = 	 [
1										𝑖𝑓	𝑆" = 𝑆Á"+𝑝0" , 𝑝1" , 𝑝2" -	𝑎𝑛𝑑	𝐿" = 𝐿Â"+𝑞0" , 𝑞1" -	
0										𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒																																																									

 (4.2) 

where 𝑆" and 𝑆Á" are the observed action and predicted action of the driver of SV (1: change, 2: wait, 
and 3: overtake), and 𝐿" and 𝐿Â" are the observed action and predicted action of the driver of LV (1: 
yield and 2: block). 

For lower level programming, the estimated parameters should satisfy the Nash equilibrium 
for the observations. As stated above, to solve the two-player non-cooperative game, the study 
used the algorithm developed by Chatterjee [71].  

 
Figure 4-5.  Schematic workflow for calibration approach based on bi-level programming. 
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In addition, the RPA model needed to be calibrated herein since the defined payoff functions 
include variables related to the car-following model. The macroscopic parameters, i.e., 𝑥@, 𝑣q, and 
𝑣o , were calibrated by using a heuristic automated tool (SPD-CAL), described by Rakha and 
Arafeh [72]. To calibrate the RPA model, all 45 minutes of NGSIM data were used. The 
parameters estimated by SPD-CAL were 𝑥@ = 6.35 m, 𝑣q = 80.4 km/h, and 𝑣o = 40.6 km/h. The 
estimated parameters for the RPA model were used in model calibration and validation. 

A total of 201 cases (out of 378) collected between 7:50 a.m. and 8:20 a.m. was used in model 
calibration. Tables 4-1 and 4-2 show the estimated parameters for the payoff functions of the 
drivers of the SV and LV, respectively. The mean absolute error (MAE) was calculated by 
Equation (4.3). The MAE for the calibrated model is 0.104. This demonstrates that the proposed 
model correctly captures 89.6% of decision-making for merging maneuvers. 

 𝑀𝐴𝐸 =
1
𝑛	½(1 − 𝑥")

6

"k0

 (4.3) 

 
Table 4-1.  Calibration Results for the Payoff Functions of the Driver of SV 

Function Parameter Calibrated Value Parameter Calibrated Value 

P11 

𝛼000   2.019 𝛼00r   -6.723 

𝛼001   1.991 𝛼00t   16.225 

𝛼002   -4.931 𝜀00*;   28.740 

𝛼00p   7.145   

P12 

𝛼010   2.780 𝛼01r   -7.507 

𝛼011   11.751 𝛼01t   9.071 

𝛼012   -2.965 𝜀01*;   -2.399 

𝛼01p   1.989   

P21 
𝛼100   -8.416 𝛼102   3.582 

𝛼101   -7.625 𝜀10*;   1.251 

P22 
𝛼110   -5.513 𝛼112   3.700 

𝛼111   -25.911 𝜀11*;   -35.591 

P31 
𝛼200   -4.336 𝛼202   -5.345 

𝛼201   -9.617 𝜀20*;   -3.786 

P32 
𝛼210   -6.016 𝛼212   -4.463 

𝛼211   -8.916 𝜀21*;   -16.331 
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Table 4-2.  Calibration Results for the Payoff Functions of the Driver of LV 

Function Parameter Calibrated Value Parameter Calibrated Value 

Q11 
𝛽000   0.165 𝛽002   0.000 

𝛽001   14.214 𝜀00=;   3.166 

Q12 
𝛽010   -0.024 𝛽012   0.000 

𝛽011   -9.293 𝜀01=;   3.871 

Q21 
𝛽100   8.154 𝛽102   6.517 

𝛽101   8.572 𝜀10=;   2.404 

Q22 
𝛽110   -8.999 𝛽112   -4.643 

𝛽111   -7.196 𝜀11=;   11.268 

Q31 
𝛽200   0.028 𝛽202   7.418 

𝛽201   13.813 𝜀20=;   8.805 

Q32 
𝛽210   -0.272 𝛽212   -6.539 

𝛽211   -53.247 𝜀21=;   4.687 
 

4.2.3  Model Validation 

The proposed model was evaluated to validate the prediction capability of the calibrated model. 
This study used the MAE and root mean square error (RMSE) for model validation, as shown in 
Equations (4.3) (as presented above) and (4.4), respectively:  

 RMSE =	Ê
1
n½(1 − 𝑥")

Ë

Ìk0

		 (4.4) 

A total of 177 cases (out of 378) collected between 8:20 a.m. and 8:35 a.m. was used for 
model validation purposes. The MAE, which captures the false alarm rate as stated by Liu et al., 
is 0.158. This reveals the model successfully predicted vehicle actions in merging cases for 84.2 % 
of all cases. The RMSE of model predictions is 0.398. This shows that the model has the capability 
to predict the decision-making of both vehicles in the on-ramp section. Due to the lack of 
observational data for the ‘wait (𝑠1)’ action strategy of the driver of SV, the proposed model is 
expected to reveal better prediction capacity for merging maneuvers if a balanced dataset for all 
sets of strategies is used in model calibration. 
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Evaluation of the Second Model 

4.3.1  Evaluation of the One-Shot Game Model Based on the Second Stage 
Game (in [51]) 

Preparation of Observation Dataset 

As described previously, the US 101 data collected between 7:50 a.m. and 8:35 a.m. on June 15th, 
2005 were used for calibration of the developed merging decision-making model. To extract 
observations properly from the field data, as shown in Figure 4-6, all moments of the game were 
selected in the decision-making period between the beginning point of the acceleration lane and 
the lane change execution point. Figure 4-6 demonstrates how the point of lane change execution 
time is defined by the lateral movement of the subject vehicle in the vehicle trajectory data. 
Specific observed cases where the initial lag spacing at stage 𝑡0 was greater than twice the jam 
density spacing 2𝑥@ were eliminated from the datasets. Specific observed cases where the initial 
lag gap at time step 𝑡0 was greater than twice the jam density spacing, 2𝑥@, were eliminated from 
the dataset. In these cases, it was assumed that the merging action did not affect the acceleration 
level of the lag vehicles because of sufficient gap size. To apply a conservative length of lag gaps 
in model evaluation, therefore, this study used a constant threshold (2𝑥@) by considering a length 
of average accepted lag gaps in the NGSIM data [43]. 

 
Figure 4-6.  Definition of decision-making period and a point of lane change execution (subject vehicle 

1302 in the 8:20 a.m. ~ 8:30 a.m. data). 
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Reasonable classification of the action strategies chosen by the drivers of the SV and LV is a 
critical issue, as it is directly related to the game model’s results. Following an approach described 
in subsection 4.2.1, for classification of the SV’s actions observed in the field, this study used one 
of the three following gap types: a) forward gap, b) original (current) gap, or c) backward gap). 
This approach, however, is limited in defining the initial decision of the driver of SV and the exact 
point where the initial (or previous) decision was changed, as it only focuses on the type of the gap 
in the final game result (i.e., final choice of action). As mentioned in introduction of NGSIM data, 
the data were collected in traffic congestion during the peak period, showing that the speed of 
merging vehicles is higher than that of the freeway traffic [22]. To take the NGSIM data features 
into consideration, therefore, this study assumed that the driver of SV has a priority to preserve the 
initial decision and the opposite player, i.e., the driver of LV, loses in the competitive game. This 
allowed for use of the merging gap types for classification of the observed actions of the driver of 
SV. 

For classification of the actions of the driver of LV, the spacing between the SV and LV was 
used. Only data which showed a continuous increase or decrease in lag spacing was collected. It 
was assumed that an increase in lag spacing occurred as a result of a ‘yield (𝑙0)’ action and that lag 
space otherwise decreased. Fluctuation of lag spacing caused by instantaneous vehicle acceleration 
and relative speed affects the quality of the dataset in the model’s evaluation. Consequently, this 
study considered instantaneous fluctuations below a certain range as noise when classifying the 
actions of the driver of LV, meaning that that the driver’s action did not change. Therefore, data 
showing a variation below than the noise cancellation range (𝜂) were collected as observations for 
the model evaluation. Table 4-3 shows the number of observations depending on the noise 
cancellation range. 

Table 4-3.  Number of Observations Depending on Noise Cancellation Range 

Dataset Set 1 Set 2 Set 3 Set 4 Set 5 Set 6 

Noise cancellation range, 
𝜂 (m/0.5s) ± 0.0 ± 0.2 ± 0.4 ± 0.6 ± 0.8 ± 1.0 

Number of observations 383 392 397 403 409 413 

Model Calibration Approach 

In the game model, each player decides on one of the pure strategies to achieve the goal of the 
game [37]. To find the best strategies for both drivers, the Nash equilibrium was used in this study. 
The Nash equilibrium is a solution where neither player has motivation to change their own 
strategy, as no player can improve their situation by individually switching to another strategy [37]. 

If the Nash equilibrium exists, players use pure strategies. This means that each player will 
choose the strategy that maximizes their own payoff while considering an opponent who also 
wants to maximize their payoff. The Nash equilibrium defines a pure strategy as: 
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 Ï
𝑃(𝑠∗, 𝑙∗) ≥ 𝑃(𝑠", 𝑙∗),			∀	𝑠" ∈ 𝑆, 𝑖 = 1,2,3
𝑄(𝑠∗, 𝑙∗) ≥ 𝑄+𝑠∗, 𝑙@-,			∀	𝑙@ ∈ 𝐿, 𝑗 = 1,2  (4.5) 

where s* and l* indicate the equilibrium action strategy of the drivers of the SV and LV, 
respectively.  

If a pure strategy Nash equilibrium is absent, however, a mixed strategy Nash equilibrium is 
considered. A mixed strategy Nash equilibrium involves at least one player playing a randomized 
strategy and no player being able to increase his or her expected payoff by playing an alternate 
strategy. A probability for each player’s strategy is assigned with consideration of each player’s 
expected payoff from the different strategies [37]. In the defined game, each driver’s best response 
is the set of probabilities that maximizes their own payoff according to the set of probabilities 
chosen by the other driver [39]. For this model, this study used the MATLAB function NPG 
developed by Chatterjee to solve a two-player finite non-cooperative game [71]. Chatterjee’s 
algorithm solves the game by computing the Nash equilibrium in mixed strategies based on the 
estimated parameters and expected payoffs (i.e., 𝑃"@ and 𝑄"@). The algorithm provides probabilities 
of choice of pure action strategies for each driver (i.e., 𝑝" and 𝑞@) in each observation.  

In order to calibrate the merging decision-making model, this study followed the calibration 
method proposed by Liu et al. [2]. Liu et al. proposed a parameter estimation method by solving a 
bi-level programming problem [2]. As illustrated in Figure 4-7, the lower-level programming is to 
find Nash equilibrium by Chatterjee’s function. This study also defined that the upper level is a 
non-linear programming problem to minimize the total deviation of probabilities in the system to 
choose actual observed actions by the following function: 

 min 	½(1 − 𝑝�Ð ∙ 𝑞�Ð)
Ñ

Ck0

 (4.6) 

 where 𝑘 denotes the index of observations; 𝑎C  is the observed action strategies set (𝑠"C, 𝑙@
C) in 

observation 𝑘; and	𝑝�Ð and 𝑞�Ð are the probabilities of the drivers of the SV and LV, respectively, 
choosing the observed action in 𝑎C. Here, 𝐴C  and 𝐵C  denote all parameters to be estimated for 
each driver’s payoff functions.  
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Figure 4-7.  Schematic workflow for calibration approach based on bi-level programming. 

Model Calibration Results 

The proposed model was calibrated to estimate parameters depending on the noise cancellation 
range 𝜂 (between ±0.0 m/0.5s and ±1.0 m/0.5s). A dataset collected between 7:50 a.m. and 8:20 
a.m. was used in model calibration. Table 4-4 and 4-5 show the estimated parameters for the payoff 
functions of the drivers of the SV and LV, respectively. 

The mean absolute error (MAE) was calculated using Equation (4.7) as follows:  

 𝑀𝐴𝐸 =
1
𝑛	½ |1 − 1(𝑥ÓC − 𝑥C)|

6

Ck0

 (4.7) 

where 𝑛, 𝑥ÓC, and 𝑥C denote the number of observations, model prediction, and actual observation, 
respectively. Note that 1(𝑥ÓC − 𝑥C) is equal to one if 𝑥ÓC = 𝑥C, and is zero otherwise. The model 
prediction 𝑥ÓC was estimated by probabilities calculated using Chatterjee’s algorithm. Table 4-5 
reveals the calibration results. The MAE of the models is less than 0.17.  
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Table 4-4.  Estimated Parameters for the Payoff Functions of the Drivers of the SV and LV 

Function Parameters 
Calibrated values of the model parameters 

Model 1 
(𝜂 = ±0.0) 

Model 2 
(𝜂 = ±0.2) 

Model 3 
(𝜂 = ±0.4) 

Model 4 
(𝜂 = ±0.6) 

Model 5 
(𝜂 = ±0.8) 

Model 6 
(𝜂 = ±1.0) 

P11 

𝛼000   2.809 1.990 2.292 2.213 4.460 0.680 

𝛼001   6.480 14.264 6.154 12.746 14.028 8.050 

𝛼002   11.354 4.511 5.695 -1.892 6.625 1.470 

𝜀00*;   7.151 2.044 0.979 0.197 12.502 9.767 

P12 

𝛼010   6.001 2.947 6.946 10.238 9.784 8.987 

𝛼011   4.285 4.083 2.472 1.675 2.754 3.454 

𝛼012   4.032 6.178 5.167 5.191 1.173 3.499 

𝜀01*;   4.038 15.074 -2.855 0.155 2.208 8.238 

P21 
𝛼100   -1.020 -0.227 -0.304 0.444 -3.599 -2.271 

𝜀10*;   0.900 -9.046 -10.130 -2.216 -15.550 -14.528 

P22 
𝛼110   -4.502 -0.901 -3.205 -4.739 -17.494 -8.698 

𝜀11*;   -3.840 -5.136 -9.868 -5.394 -14.255 5.523 

P31 
𝛼200   -4.483 -9.749 -7.268 -10.855 -12.003 -5.907 

𝜀20*;   10.508 17.433 -4.399 -0.693 -9.370 -0.195 

P32 
𝛼210   -5.048 -2.641 -7.838 -5.377 -3.168 -11.330 

𝜀21*;   -5.292 2.053 -6.590 -11.026 11.839 -14.432 

Q11 𝛽000   -0.523 -3.129 -3.836 -6.490 -3.797 -0.261 

 𝜀00=;   3.004 18.425 17.042 16.157 8.588 -0.953 

Q12 𝛽010   1.869 6.377 8.366 1.302 10.002 3.146 

 𝜀01=;   -3.334 -6.661 -16.305 -4.569 -28.639 -10.082 

Q21 𝛽100   -9.717 -8.224 -4.697 -3.382 -8.151 -13.609 

 𝜀10=;   3.045 10.832 10.634 13.289 6.250 18.583 

Q22 𝛽110   4.044 8.419 0.366 6.694 1.427 9.595 

 𝜀11=;   1.488 6.590 6.265 -13.679 -6.862 -0.184 

Q31 𝛽200   -2.324 -5.514 -2.898 -3.718 -11.553 -2.049 

 𝜀20=;   -4.316 19.527 -1.049 -2.132 26.902 -5.923 

Q32 𝛽210   8.090 12.136 2.506 9.908 3.206 11.649 

 𝜀21=;   -12.938 -14.174 0.072 5.102 1.208 -16.047 
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Table 4-5.  Calibration Results 

Models Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

Noise cancellation 
range, 𝜂 (m/0.5s) ± 0.0 ± 0.2 ± 0.4 ± 0.6 ± 0.8 ± 1.0 

MAEa 0.1595 
(84.05%) 

0.1420 
(85.80%) 

0.1570 
(84.30%) 

0.1600 
(84.00%) 

0.1564 
(84.36%) 

0.1648 
(83.52%) 

a The number in parentheses indicates prediction accuracy of the calibrated model. 
 

Model Validation Results 

The rest of the data collected between 8:20 a.m. and 8:35 a.m. was used for model validation 
purposes. Table 4-6 shows the model validation results. The models that considered the noise 
cancellation range 𝜂 from ±0.0 𝑚/0.5𝑠 to ±1.0 𝑚/0.5𝑠 show prediction accuracy of 83.48 % to 
87.44 % for each observation dataset. These results reveal that the developed model shows greater 
prediction accuracy than the previous model.  

Table 4-6.  Validation Results 

Models Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

Noise cancellation 
range, 𝜂 (m/0.5s) ± 0.0 ± 0.2 ± 0.4 ± 0.6 ± 0.8 ± 1.0 

MAEa 0.1273 
(87.27%) 

0.1256 
(87.44%) 

0.1422 
(85.78%) 

0.1447 
(85.53%) 

0.1652 
(83.48%) 

0.1429 
(85.71%) 

a The number in parentheses indicates prediction accuracy of the calibrated model. 
 

4.3.2  Evaluation of the Repeated Game Model Based on the Second Stage 
Game (in [52]) 

Preparation of Observation Dataset 

To evaluate the repeated game model based on the second stage game (as described in section 
3.3.2), this study basically used the US 101 data collected between 7:50 a.m. and 8:35 a.m. to 
extract observations properly. As the same with previous model evaluation, specific observed 
cases where the initial lag gap at time step 𝑡0 was greater than twice the jam density spacing, 2𝑥@, 
were eliminated from the dataset. To evaluate the proposed model, all game points were selected 
between the beginning point of the acceleration lane and the lane change execution points every 
0.5 s (see Figure 3-7). Moreover, entire game points were considered as individual observations 
within a historical sequence. This study assumed that the merging decision-making game was 
terminated at the execution point in each lane change.  
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To classify the action strategies chosen by the both drivers, this study follows an approach 
proposed by previous data extraction, for classification of the observed actions of the drivers of 
the SV and LV, this study used the type of gap and lag spacing, respectively. Due to the feature of 
the NGSIM data as described earlier, the decision of the driver of SV was assumed to maintain the 
initial decision. In classification of the LV’s maneuvers, fluctuation of the lag spacing caused by 
instantaneous vehicle acceleration and relative speed affects the quality of the dataset in the 
model’s evaluation. Consequently, this study considered instantaneous fluctuations below a certain 
range as noise when classifying the LV’s maneuvers. The noise-cancellation range ±1.0 𝑚 was 
used here; any variation smaller than the defined range was ignored and treated as if the LV’s 
maneuver did not change. Following this method, only 50 cases in entire data were observed shown 
change of the initial decision of the driver of LV. Although a suitable number of observations in 
each combination of action strategies are needed to evaluate the proposed model, there were some 
data composition limitations in the dataset (e.g., the cases showing a ‘wait (𝑠1)’ action of the driver 
of SV were rarely observed.). 

Figure 4-8 shows the sets of action strategies identified by the proposed approach: 4-8(a) and 
4-8(b) show the cooperative action strategies sets (𝑠0, 𝑙0) and (𝑠1, 𝑙1), respectively. These cases 
reflect no conflict between both drivers. The former set, (𝑠0, 𝑙0), shows that the driver of SV drove 
at a higher speed than the driver of LV, and the latter driver decreased speed slightly and then 
maintained the original car-following speed. In Figure 4-8(b), there was a smaller gap than 𝑥@ and 
the LV had a higher speed then the SV, thus the driver of SV chose the ‘wait (𝑠1)’ action and 
decreased its speed. Otherwise 4-8(c) and 4-8(d) show non-cooperative cases, including the action 
strategies sets (𝑠1, 𝑙0) and (𝑠0, 𝑙1), respectively. These cases show instances where there was 
competition between two players at early decision-making period, which culminated in 
cooperative action strategies through a consecutive decision-making process. Case 4-8(c) reflects 
a case where both drivers decreased their speed through a waiting and yielding decision (𝑠1, 𝑙0), 
and then the driver of SV revised its initial decision to change lanes in recognition of the ‘yield 
(𝑙0)’ action of the driver of LV. In Figure 4-8(d), both drivers accelerated initially. After a while 
having competition between drivers, the driver of LV decelerated to yield. On the other hand, the 
driver of SV maintained their initial decision to change a lane. A total of 1,504 similar cases were 
extracted within the time parameters to play the repeated merging decision-making game. 
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(a) Cooperative case: change (s1) and yield (l1) (subject vehicle 559 in the 8:05 a.m. ~ 8:20 a.m. data). 

 
(b) Cooperative case: wait (s2) and block (l2) (subject vehicle 879 in the 8:20 a.m. ~ 8:35 a.m. data) 

 
(c) Competitive case: wait (s2) and yield (l1) (subject vehicle 157 in the 8:20 a.m. ~ 8:35 a.m. data) 

 
(d) Competitive case: change (s1) and block (l2) (subject vehicle 35 in the 8:20 a.m. ~ 8:35 a.m. data) 

Figure 4-8.  Classification of the drivers’ action strategies. 
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Model Evaluation Results 

The proposed repeated game model was calibrated using the calibration approach described in 
one-shot game model evaluation. To calibrate the repeated game model, the five rate factors are 
prepared as: 𝛿 = 	 {0.6, 0.8, 1.0, 1.2, 1.4}. To prove the performance of the repeated game model 
based on the second stage game, the base game model that drivers chose an action strategy based 
solely on the initial payoff value, as denoted the Model 0 with 𝛿 = 0.0, was also calibrated and 
validated. It followed the assumption that the drivers decide once and just follow their initial 
decisions. A total of 685 cases (out of 1,504) collected between 7:50 a.m. and 8:20 a.m. were used 
for model calibration. Table 4-7 shows the estimated parameters for the payoff functions of the 
drivers of the SV and LV in all alternatives of the model. 

The model prediction about decision-making results were estimated by probabilities 
calculated using Chatterjee’s algorithm. Table 4-8 reveals the calibration results of the proposed 
models based on the estimated parameters. The MAE, calculated by Equation (4.7), of all repeated 
games models (i.e., Model 1 to 5) is less than that of the base game Model 0, implying that the 
repeated game models were calibrated to capture more drivers' decision-making results in 
comparison to the previous game model. 

The rest of the data, a total of 819 cases (out of 1,504) collected between 8:20 a.m. and 8:35 
a.m., were used for model validation purposes. Table 4-8 also includes the model validation results. 
First, Model 1 to 5, which considered the rate 0.6 to 1.4, explained 75.09 % to 77.29 % of the 
observation dataset. On the other hand, Model 0 showed a prediction accuracy of 71.92 %. 
Consequently, the proposed repeated game in this study shows the better prediction ability than 
the previous game model as Model 0 does not capture changes in the driver’s decision-making. It 
is therefore expected Model 0 would have lower prediction ability if there were more competitive 
cases in the dataset. In addition, these results indicate that consideration of not only instantaneous 
data but also previous game results is required to depict drivers' decisions. Consequently, it shows 
why using the repeated game has an advantage. 

Furthermore, a microscopic traffic simulator integrated the repeated game model is expected 
to represent stable car-following status and non-cooperative decision-making. In contrast, the one-
shot game model may challenge to represent stable vehicle trajectories in competitive merging 
scenarios even if it has a capacity to explain cooperative merging scenarios. In comparison results 
between Model 0 and Model 4, the latter shows the higher prediction accuracy for decisions at 
initial game point in each stage game. It demonstrates that the one-shot game model can induce 
improper vehicle speed profiles in microscopic traffic simulation due to impractical game results. 
This might depict unnatural car-following and driving behaviors in a microscopic simulation 
model.  
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Table 4-7.  Estimated Parameters for the Payoff Functions of the Driver of the SV and LV 

Payoff 
Functions Parameters 

Calibrated values of the model parameters 

Model 0 
(𝛿=0.0) 

Model 1 
(𝛿=0.6) 

Model 2 
(𝛿=0.8) 

Model 3 
(𝛿=1.0) 

Model 4 
(𝛿=1.2) 

Model 5 
(𝛿=1.4) 

P11 

𝛼000   -0.589 -0.416 -0.425 -0.023 -0.680 -0.927 

𝛼001   0.330 0.522 0.409 0.434 0.497 0.632 

𝛼002   0.436 0.887 2.075 0.590 1.916 0.721 

𝜀00*;   -2.307 -1.926 -1.236 -1.582 -2.364 -1.998 

P12 

𝛼010   0.426 1.186 -0.641 0.090 -0.577 -0.248 

𝛼011   1.303 0.471 1.727 0.811 1.265 0.758 

𝛼012   1.157 1.007 0.834 0.802 0.849 1.299 

𝜀01*;   3.142 0.736 2.735 -0.679 0.684 0.424 

P21 
𝛼100   -0.191 -0.863 -0.915 -0.386 -1.572 -1.201 

𝜀10*;   -2.487 -2.253 -1.875 -0.287 2.065 0.206 

P22 
𝛼110   -0.548 -2.092 -1.243 -1.014 -1.110 -0.223 

𝜀11*;   0.269 1.692 -0.817 -1.849 1.218 -1.000 

P31 
𝛼200   0.015 0.377 -0.003 0.129 -0.209 -0.160 

𝜀20*;   3.121 1.052 4.814 2.212 4.164 1.983 

P32 
𝛼210   -1.035 -0.660 -0.629 -0.624 -1.237 -0.796 

𝜀21*;   -2.274 0.514 -2.484 -0.422 -1.320 1.005 

Q11 
𝛽000   -1.013 -0.289 0.239 -0.089 -1.733 -0.855 

𝜀00=;   0.235 0.474 -2.457 -0.279 -0.549 1.166 

Q12 
𝛽010   1.496 0.862 2.135 0.981 0.791 0.544 

𝜀01=;   0.344 0.525 -4.342 -0.903 1.292 1.685 

Q21 
𝛽100   -0.199 -0.973 -2.400 -1.172 -0.659 -1.007 

𝜀10=;   0.746 0.120 3.192 0.401 -1.113 -0.404 

Q22 
𝛽110   1.196 1.310 0.866 0.360 0.486 0.940 

𝜀11=;   -0.842 0.591 1.041 1.081 -1.298 -1.135 

Q31 
𝛽200   -0.167 -1.192 0.903 -0.036 -0.396 -1.214 

𝜀20=;   1.554 -1.335 -1.377 0.271 3.459 -1.232 

Q32 
𝛽210   1.503 0.568 2.758 1.091 0.933 0.535 

𝜀21=;   0.988 -0.039 0.914 0.370 2.803 1.965 
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In conclusion, the repeated game Model 1 to 5 show considerable prediction accuracy of more 
than 75 %. Only minor differences between models using the various rates were observed due to 
issues with the data. Specifically, because of lack of cases showing changes of driver’s initial 
decisions, these cases might be excluded in parameter estimation. Nevertheless, validation results 
of Model 3 to 5, i.e., models with 𝛿 ≥ 1.0, show higher than the other repeated models using 𝛿 <
1.0 . It means that decisions made at previous time steps is important, but present condition may 
be more critical to make a decision. This study concludes that the repeated game model is an 
appropriate approach to predict realistic driver merging behavior along an on-ramp section. 

Table 4-8.  Model Evaluation Results 

Models Model 0 Model 1 Model 2 Model 3 Model 4 Model 5 

Rate factor, 𝛿 0.0 0.6 0.8 1.0 1.2 1.4 

Calibration resultsa 0.2686 
(73.14%) 

0.2102 
(78.98%) 

0.2175 
(78.25%) 

0.2321 
(76.79%) 

0.2204 
(77.96%) 

0.2146 
(78.54%) 

Validation results 0.2808 
(71.92%) 

0.2454 
(75.46%) 

0.2491 
(75.09%) 

0.2271 
(77.29%) 

0.2357 
(76.43%) 

0.2418 
(75.82%) 

a The number in parentheses indicates prediction accuracy. 

Evaluation of the Third Model 

4.4.1  Observations extraction for the repeated game calibration 

Model evaluation was conducted to prove efficiency of the game models using the stage game 
based on the newly formulated payoff functions. This section introduces the observation dataset 
for model evaluation and calibration methodology. In addition, calibration and validation results 
of the second stage game mode [51] and the updated repeated game models are presented.  

This study used same US 101 vehicle trajectory data. Reasonable classification of the action 
strategies chosen by both drivers is a critical issue, as it is directly related to the results of the game 
model. There is a limitation on the classification of drivers’ decisions based on trajectories and 
speed profile data. This study extracted a total of 1,504 observations from NGSIM data using a 
method in Section 4.3.2. For classification of the SV’s maneuvers observed in the field, this study 
used the type of gaps that were selected at game playing moments among the three following gap 
types (as illustrated in Figure 3-1(a)): (1) forward (lead) gap, (2) adjacent (current) gap, or (3) 
backward (lag) gap. In addition, the spacing between the SV and LV was used for classification of 
the LV’s maneuvers. Detailed classification methodology is described in Section 4.3.2. Next, all 
data were reviewed to judge whether the classification results were reasonable to show drivers’ 
intentions. If the specific data were regarded as improper classification, these data were modified. 
Decisions made by drivers in all observations were classified using this process. 
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4.4.2  Model Calibration Results 

a total of two types of game models: (1) the one-shot game model, in which the developed stage 
game is played independently at every game point based on instantaneous status only; (2) the 
repeated game model using the cumulative payoffs with factor 𝛿  of various rates. To verify 
performance of the updated payoff functions in predicting human-drivers’ decisions in merging 
situations, the first type of the models was subdivided into two models according to the payoff 
functions used in model calibration as below.  

• One-shot game model based on the second stage game using the payoff functions developed 
in [51] 

• One-shot game model based on the third stage game using the reformulated payoff functions 

Herein the former and latter models were called as the ‘2nd stage one-shot game model’ and the 
‘one-shot game model’, respectively. For model calibration, a NGSIM dataset observed between 
7:50 a.m. and 8:20 a.m. was used. The number of observations used in model calibration was 685 
(out of 1,504). Table 4-9 shows the estimated parameters of the payoff functions of the drivers of 
the SV and LV. 

As the calibration results, the MAEs of three types of models are shown in Table 4-10. In 
comparison with previous model [51], the one-shot game model based on the third stage game 
using the reformulated payoff functions shows better calibration results. It indicates that the game 
model using the third stage game has higher prediction capacity than that using the second stage 
game in merging decision-making. In the repeated game models, the models with 𝛿 > 1.0 show 
lower MAEs than those with 𝛿 ≤ 1.0.  

Table 4-9.  Estimated Parameters of the Payoff Functions for the Game Models 

Payoff 
Function Parameters 

One-shot 
Game 
Model 

Repeated Game Models 
Model 1 
(𝛿=0.6) 

Model 2 
(𝛿=0.8) 

Model 3 
(𝛿=1.0) 

Model 4 
(𝛿=1.2) 

Model 5 
(𝛿=1.4) 

Model 6 
(𝛿=1.6) 

𝑃00 

𝛼000  9.64 5.10 2.88 6.69 -1.77 7.08 7.11 

𝛼001  23.51 74.83 48.38 96.45 9.20 27.34 8.38 

𝛼002  32.69 59.51 69.45 1.00 5.16 97.08 2.75 

𝑃01 

𝛼010  9.43 8.83 3.58 7.87 8.64 7.27 -6.26 

𝛼011  87.57 77.60 44.40 86.30 3.11 50.13 4.25 

𝛼012  10.98 43.84 1.80 71.19 5.73 84.75 7.34 

𝑃10 
𝛼100  0.63 -9.78 -7.49 -6.91 -8.88 -6.65 -8.13 

𝛼101  3.35 26.60 10.68 62.49 3.18 31.94 1.75 
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Payoff 
Function Parameters 

One-shot 
Game 
Model 

Repeated Game Models 
Model 1 
(𝛿=0.6) 

Model 2 
(𝛿=0.8) 

Model 3 
(𝛿=1.0) 

Model 4 
(𝛿=1.2) 

Model 5 
(𝛿=1.4) 

Model 6 
(𝛿=1.6) 

𝑃11 
𝛼110  -7.88 -8.50 -3.42 -6.19 9.73 -8.98 5.56 

𝛼111  42.64 20.75 5.21 65.72 6.22 19.43 7.16 

𝑃20 
𝛼200  -0.66 6.07 -9.38 -6.21 -2.84 -5.18 6.41 

𝛼201  67.24 48.05 78.92 94.59 11.19 25.08 7.53 

𝑃21 
𝛼210  -0.53 -3.10 -5.39 -0.44 2.75 -3.69 8.35 

𝛼211  16.91 52.79 95.22 59.86 2.21 30.06 4.79 

𝑄00 
𝛽000  9.93 3.78 6.96 9.80 -1.99 7.97 -3.75 

𝛽001  13.30 17.29 6.64 25.06 6.88 5.86 10.22 

𝑄01 
𝛽010  -1.26 -8.39 -6.24 -5.83 -7.03 -8.90 -8.36 

𝛽011  3.70 0.29 19.40 23.84 10.20 18.49 1.89 

𝑄10 
𝛽100  5.78 7.64 8.05 8.74 5.52 8.25 0.27 

𝛽101  89.18 57.76 58.65 78.06 2.76 82.45 4.12 

𝑄11 
𝛽110  7.73 -4.36 -4.36 0.63 0.34 -8.66 -5.95 

𝛽111  57.97 6.64 55.26 14.12 7.43 38.74 7.61 

𝑄20 
𝛽200  3.88 -4.02 -6.99 6.38 9.39 -0.82 3.68 

𝛽201  55.87 96.95 98.01 1.12 4.35 46.49 9.22 

𝑄21 
𝛽210  4.26 -9.75 1.08 -8.01 6.78 1.53 -4.85 

𝛽211  27.87 26.74 22.93 74.89 2.20 86.19 7.83 
Note that the second stage one-shot game model was calibrated using the same calibration methodology, but the estimated 
parameters are not shown in the table because of the different formulation for payoff functions. 
 
 

Table 4-10.  Calibration Results of the Game Models 

Models 

2nd Stage 
One-shot 

Game 
Model  

One-shot 
Game 
Model 

Repeated Game Models 

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

Rate factor, 𝛿 naa na 0.6 0.8 1.0 1.2 1.4 1.6 

MAEb 0.2555 
(74.45 %) 

0.1241 
(87.59 %) 

0.1708 
(82.92 %) 

0.1606 
(83.94 %) 

0.1606 
(83.94 %) 

0.1372 
(86.28 %) 

0.1358 
(86.42 %) 

0.1460 
(85.40 %) 

a Not applicable. 
b The number in parentheses indicates prediction accuracy. 
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4.4.3  Model Validation Results 

The rest of the data, 819 observations out of 1,504, collected between 8:20 a.m. and 8:35 a.m., 
were used for validating the model, and the validation results are shown in Table 4-11. Model 
validation results, which show the same trends as the calibration results, are summarized as follows. 
First, as the comparison results of the stage game developed in the previous study [51] and this 
study, the prediction accuracy increase by about 12% when the third stage game is used. Thus, this 
study enhances the decision-making game model’s performance by using the reformulated payoff 
functions to represent merging maneuvers. Next, in the validation results, the repeated game 
models with 𝛿 ≥ 1.0 show prediction accuracy of higher than 85%. In particular, the repeated 
game model shows the highest prediction accuracy when 𝛿 = 1.4. Both the one-shot game and 
repeated game model with 𝛿 = 1.4 show considerably high prediction accuracy of more than 86%. 
Due to limitations of unbalanced observation data, nevertheless, model validation using field data 
cannot provide evidence to be beneficial using the repeated game. It is also hard to show the 
apparent difference between the one-shot game and the repeated game model. In the following 
sections, therefore, the game models are additionally evaluated through sensitivity analysis and 
simulation study. 

Table 4-11.  Validation Results of the Game Models 

Models 

2nd Stage 
One-shot 

Game 
Model 

One-shot 
Game 
Model 

Repeated Game Models 

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

Rate factor, 𝛿 na na 0.6 0.8 1.0 1.2 1.4 1.6 

MAEa 0.2418 
(75.82 %) 

0.1197 
(88.03 %) 

0.1954 
(80.46 %) 

0.1758 
(82.42 %) 

0.1465 
(85.35 %) 

0.1368 
(86.32 %) 

0.1307 
(86.94 %) 

0.1355 
(86.45 %) 

a The number in parentheses indicates prediction accuracy. 

Sensitivity Analysis of the Game Model 

In this section, this study describes the sensitivity analysis conducted to observe how factor 
changes related to the proposed payoffs impact the stage game results. In reality, drivers’ merging 
behavior to select an acceptable gap size and speed difference between the freeway mainline 
vehicles and the merging vehicle is different depending on the merging point [22, 64]. Hence, this 
sensitivity analysis is required to demonstrate whether the developed stage game model represents 
merging behaviors observed in the field in various conditions. To show the decision-making 
model’s sensitivity, the stage game is independently played in diverse scenarios varied by three 
input factors: game location, relative speed, and spacing. Preparation for the sensitivity analysis is 
presented first in the following sections, then results and corresponding discussions are provided. 
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4.5.1  Sensitivity Analysis Setting 

As shown in Figure 4-9, a freeway segment that included an on-ramp was used for the analysis, 
with locations to play a game classified into two areas: the beginning of the acceleration lane and 
the end of the acceleration lane. For the spacing factor test, the SV changed its position between 
the PV and LV. For the speed profile test, the freeway mainline vehicles’ speed was basically 
categorized into five scenarios: 60 𝑘𝑚/ℎ, 70 𝑘𝑚/ℎ, 80 𝑘𝑚/ℎ, 90 𝑘𝑚/ℎ, and 100 𝑘𝑚/ℎ. In each 
speed scenario, the SV’s speed varied from 60 𝑘𝑚/ℎ to 100 𝑘𝑚/ℎ. The freeway testbed and 
calibrated stage game were modeled on MATLAB, and other simulation settings are described 
below. 

• The length of the acceleration lane was 250 𝑚. 

• Based on initial longitudinal coordination, 𝑛 − 1, 𝑛, and 𝑛 + 1 denote the PV, SV, and LV, 
respectively. 

• It was assumed that spacing between the PV and LV, ∆𝑥6´0,670, was constant as 40 𝑚: In 
the game played at the beginning of the acceleration lane, the PV and LV were located at 70 
𝑚 and 30 𝑚 from the beginning of the acceleration lane, respectively. In the game played at 
the end of the acceleration lane, the longitudinal position of the PV and LV were 230 𝑚 and 
190 𝑚 from the beginning point, respectively.  

• The length of all vehicles was assumed as constant at 4.8 𝑚. 

• Link properties for the freeway are as follows. Saturation flow rate was 2,400 𝑣𝑒ℎ/ℎ/𝑙𝑎𝑛𝑒. 
Jam density was 160 𝑣𝑒ℎ/𝑘𝑚/𝑙𝑎𝑛𝑒. Free-flow speed and speed-at-capacity were 100 𝑘𝑚/ℎ 
and 80 𝑘𝑚/ℎ, respectively. 

• Calibrated parameters of payoff functions for the repeated game model with 𝛿 = 1.4 were 
used. 

 
Figure 4-9.  Topology of freeway merging section for sensitivity analysis. 

4.5.2  Sensitivity Analysis Results  

Based on the results of the stage game played at two locations in various lag spacing and relative 
speed scenarios, the impact of input factors and other findings revealed by the sensitivity analysis 
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are provided. Figure 4-10(a) to 4-10(e) show the results after playing games near the beginning of 
the acceleration lane, and Figure 4-10(f) to 4-10(j) reveal the game results after playing the game 
near the end of the acceleration lane. The Chatterjee function for finding the Nash equilibrium was 
used to decide these game results [71]. If the game result in each case is a pure strategy Nash 
equilibrium, the corresponding action set is a dominant decision made by two drivers, i.e., the 
probability of one of six action strategies (𝑝"@ × 𝑞"@) is one. Otherwise, when a mixed strategy 
Nash equilibrium exists, the game result is randomly chosen by probabilities.  

Differences in drivers’ behaviors based on the merging point are distinct in merging maneuver 
decisions. At near the beginning of the acceleration lane, a merging vehicle driver usually passes 
a lead vehicle when 𝑣6 > 𝑣6´0 and when lead spacing (∆𝑥6´0,6) is quite small [22]. The higher 
psychological pressure related to merging makes drivers accept smaller gaps as they arrive nearer 
the end of the auxiliary lane compared to cases where they can take an original gap near the 
beginning of the acceleration lane [22]. In other words, field data show that the driver of SV tried 
a forced merging maneuver at close to the end of the acceleration lane [18, 22]. When  𝑣6 < 𝑣670 
and the lag spacing (∆𝑥6,670) is quite small, the driver of SV waits until the LV passes the SV and 
then may merge using a backward gap. In Fig. 8, the calibrated stage game results show these 
behaviors in choosing an ‘overtake (𝑠2)’ and ‘wait (𝑠1)’ action according to the game location.  

At near the beginning of the lane, as illustrated in Figure 4-10(a) to 4-10(d), the game results 
show that the driver of SV chooses the ‘overtake (𝑠2)’ action in conditions indicative of higher 
relative speed and short lead spacing. In contrast, the game results (as illustrated in Figure 4-10(f) 
to 4-10(i)) show that the driver of SV intentionally changes a lane due to a short remaining distance 
in the acceleration lane. For the ‘wait (𝑠1)’ action, differences in the results of the stage game for 
merging decision-making are revealed according to game location. These results prove that the 
forced merging utility works correctly when the SV is close to the end of the acceleration lane. 
Consequently, the stage game developed in this study accurately depicts realistic decisions made 
by human drivers according to game location. 

As discussed in Section 3.3.3, TTC is critical in making lane-changing decisions. Since TTC 
is comprised of spacing (i.e., space headway) and relative speed, both are important in human 
drivers' decision-making for merging maneuvers at freeway merging sections. Hence, this study 
also analyzed the impacts of these factors. In Figure 4-10(c), blue lines parallel to the y-axis (as 
marked with ① to ③) and green lines parallel to the x-axis (as marked with A and B) denote test 
cases for sensitivity analysis on relative speed and spacing, respectively.  

In the sensitivity analysis on relative speed, the PV and LV are supposed to drive at 80 𝑘𝑚/ℎ, 
and the SV’s speed varies from 60 𝑘𝑚/ℎ to 100 𝑘𝑚/ℎ. Scenarios were prepared with three lag 
spacings: 10 𝑚, 20 𝑚, and 30 𝑚, and the game results of all scenarios are shown in Figure 4-11. 
Game results clearly show that the relative speed affects decision-making. When lag spacing 
(∆𝑥6,670) is 10 𝑚 (as shown in Figure 4-11(a)), the drivers of the SV and LV decide on a ‘wait 
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(𝑠1) and block (𝑙1)’ action set if ∆𝑣6,670 ≤ −10	𝑘𝑚/ℎ. In addition, both drivers are willing to 
choose a ‘change (𝑠0) and yield (𝑙0)’ action set through the stage game if ∆𝑣6,670 ≥ −7	𝑘𝑚/ℎ. 
These cooperative action strategy sets are results of both drivers’ common consent subject to safety. 
In a certain range, i.e., −10	𝑘𝑚/ℎ < ∆𝑣6,670 < −7	𝑘𝑚/ℎ , drivers’ desired actions are 
competitive; in these conditions, the non-cooperative behaviors, ‘change (𝑠0) and a block (𝑙1)’ 
action, will be carried out.  

 
Note that a red line parallel to the x-axis on each graph indicates the speed of the freeway mainline vehicles (𝑣6´0, 𝑣670). 

Figure 4-10.  Graphical representation of the one-shot game results depending on game locations, spacing 
between vehicles (∆𝑥6,670), and speed of the SV (𝑣6).  
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When ∆𝑥6,670 = 20	𝑚, in Figure 4-11(b), the driver of the SV and LV choose a cooperative 
action strategy (𝑠0, 𝑙0) even if ∆𝑣6,670 = −20	𝑘𝑚/ℎ. This means that the relative speed is largely 
irrelevant in influencing the driver of SV to choose a lane-changing action if there is sufficient 
spacing between vehicles. If there is enough space headway, real-life experience generally shows 
that a driver of a merging vehicle will change a lane upon reaching an acceleration lane even 
though a speed harmonization process is required. In response to the merging vehicle’s lane change, 
the driver of LV decreases speed to adjust to the new preceding vehicle (i.e., the SV) or changes a 
lane to the left to maintain its speed. When ∆𝑥6,670 = 30	𝑚 (i.e., ∆𝑥6´0,6 = 10	𝑚), moreover, the 
game results show a distinct feature depending on the relative speed. The cooperative action 
strategy (𝑠0, 𝑙0) is chosen by the stage game until 𝑣6 is slightly higher than	𝑣6´0. If ∆𝑣6,6´0 ≥
8	𝑘𝑚/ℎ, the driver of SV chooses an ‘overtake (𝑠2)’ action due to a relatively small TTC in order 
to avoid harsh braking. Of the overtaking vehicles, 97.7% were found to have a speed higher than 
the freeway mainline vehicles [22]. Thus, this game model can reasonably represent decision-
making results according to relative speed. 

 

 
Figure 4-11.  Game results on relative speed. 

For the sensitivity analysis on spacing, the stage game was played with various lag spacing 
from 0 𝑚 to 40 𝑚. The PV and LV are supposed to drive at 80 𝑘𝑚/ℎ, and the SV’s speed is 70 
𝑘𝑚/ℎ and 90 𝑘𝑚/ℎ. Game results of all scenarios are shown in Figure 4-12. In the figure, the x-
axis indicates the lag spacing (∆𝑥6,670), and hence an increase of ∆𝑥6,670 means a decrease of 
lead spacing (∆𝑥6´0,6).  

When 𝑣6 < 𝑣6´0, as shown in Figure 4-12(a), the stage game results show that the driver of 
SV decides on a ‘wait (𝑠1)’ action in cases in which lag spacing is less than 10 𝑚. In other words, 
results indicate that a slower SV requires spacing of more than 10 𝑚 to choose a ‘change (𝑠0)’ 
action. Depending on the spacing, competitive decision-making is also expected. This trend is also 
found in choosing an ‘overtake (𝑠2)’ action when 𝑣6 > 𝑣6´0. In Figure 4-12(b), the driver of SV 
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decides to overtake at ∆𝑥6´0,6 ≤ 12	𝑚. Therefore, the sensitivity results indicate that the stage 
game reasonably explains the difference in drivers' choices according to spacing. 

 
Figure 4-12.  Game results on spacing. 

In the results, decisions included in a non-cooperative action strategy set, i.e., (𝑠0, 𝑙1), are 
found in a specific decision-making region, as colored black in Figure 4-10. This region implies 
that this strategy set, which is decided simultaneously by drivers, puts them into competition. This 
result means that the driver of SV wants to change a lane after trying to ensure a safe lead and lag 
gap and the driver of LV does not allow the SV to merge. During the game period, one driver 
should change their initial decision to avoid a potential collision, and the final decision set would 
be a cooperative set. In addition, due to an unbalance in the number of observations indicating 
each action strategy, the (𝑠1	, 𝑙0) action cannot be determined in this sensitivity analysis. From field 
data, including NGSIM data, it is clear that merging maneuvers are usually cooperative, as the 
driver of LV perceives the SV's lane-changing intention. Compared to cooperative merging, non-
cooperative cases are only occasionally observed. The stage game results describe cooperative 
behaviors, and competition between drivers can be found at certain relative speed and spacing 
profiles. Consequently, the stage game model proposed in this study successfully explains rational 
human drivers’ decision-making results. 

Simulation Case Study 

In this chapter, a simulation study is presented to demonstrate the performance of the game model 
based on the developed stage game for merging. For this case study, a microscopic simulation 
model based on an ABM method that included a vehicle acceleration controller was developed. 
To verify the performance of the ABM, a comparison between NGSIM data and simulation results 
is provided. The simulation setting is defined, and then various merging scenarios representing 
both cooperative and non-cooperative cases are explained. Next, simulation results for each 
scenario are presented.   
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4.6.1  Simulation model development 

To investigate whether the repeated game model is efficient to use in microscopic traffic simulation, 
we used an ABM approach. ABM is a powerful method for making simulations that is widely 
applied across real-life problems [73-75]. This study developed a simulation model that was built 
on MATALB using the ABM method combined with the game model. ABM is a suitable approach 
for simulating the actions and interactions of intelligent entities, which includes individual people. 
Collaboration and competition, in particular, are major concerns in game theory; these are two 
typical types of human interactions addressed in several ABM methods [76]. One of the applicable 
situations for using ABM is when interactions among agents are heterogeneous and can lead to 
network effects [74, 77]. Thus, this study develops a simulation model to explain merging 
interactions. 

According to Zheng et al. (2013) [75], the ABMs explored for the existing transportation 
system in today’s literature, in general, have the distinguishing feature of integration combining 
three components: drivers’ action decisions, drivers’ route decisions, and microsimulation. As a 
microsimulation component, the simulation model developed in this study basically simulates 
vehicle movements based on position and by speed profile as determined by an acceleration 
controller at each time step. As shown in Figure 4-13, the controller consists of a game module 
and a car-following module. According to the game model for the drivers’ action decision 
component, a driver of SV plays a stage game with a driver of LV in the target lane. Depending 
on the action strategies at each game time, both drivers determine the acceleration level to 
accomplish their own strategy. In the car-following module, in addition, the desired acceleration 
level is decided by the RPA car-following model. In this acceleration controller, neither the 
individual demographic nor travel characteristics of either agent are considered.  

As the game results show, when the driver of SV chooses a ‘change (𝑠0)’ action, they evaluate 
lead and lag spacing for gap acceptance to satisfy sufficient spacing and collision avoidance. If the 
instantaneous gap is enough to change a lane, the SV begins merging onto the freeway, and the 
driver of LV determines the acceleration level to follow the SV in the car-following model in 
response to recognition of the SV’s lane-change. In addition, a route decision module is not 
required because merging scenarios are tested on the one-lane freeway network, which includes a 
merging ramp.  
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Figure 4-13.  Vehicle acceleration controller structure in the developed simulation model. 

Car-following module estimates an desired acceleration level based on instantaneous spacing 
between vehicles and speed at each time step 𝑡. This study used two components, i.e., steady-state 
and collision avoidance, of the RPA car-following model for the module [54]. The detailed 
definition and formulas of the components in the RPA model are described in [54]. Figure 4-14 
shows performance of car-following module in a case which five vehicles formed a platoon. 
Vehicles decide an acceleration level to follow preceding vehicle by the RPA car-following model. 
Here, it was assumed that vehicles were located with shorter spacing than the steady-state spacing 
of Van Aerde’s car-following model [67] at simulation time 0. As illustrated in Figure 4-14, 
therefore, following vehicles initially decreased speed to ensure proper spacing between vehicles. 
Then, they began to accelerate after ensuring the sufficient spacing by sequence in the platoon. In 
conclusion, acceleration level and speed were oscillated for a while, and then they were stabilized.  
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Figure 4-14.  Performance of the car-following module. 

The game module begins operating as soon as the SV enters the acceleration lane. The nearest 
following vehicle in the target lane becomes the opposite player. In this module, there are two 
types of merging game: (1) the one-shot game, in which a stage game between two drivers is 
independently played at each game time and (2) the repeated game, in which drivers play a game 
with consideration of the previous game’s results. In detail, the one-shot game uses instantaneous 
payoffs, which are computed based on spacing and speed profile at time 𝑡, for each action strategy 
set, i.e., 𝑃"@(𝑡), 𝑄"@(𝑡). In the repeated game, on the other hand, the cumulated payoffs are utilized. 
Regardless of the game type, two players decide an action strategy set subject to the Nash 
equilibrium. Based upon the action chosen at time 𝑡, the desired acceleration level for each vehicle 
is calculated to execute that vehicle’s individual action strategy. For the SV, the desired 
acceleration level is determined, as stated below. 

• For ‘change (𝑠0)’ action, the driver of SV determines acceleration level in consideration of 
not only speed synchronization but also gap acceptance. If 𝑣6(𝑡) ≪ 𝑣670(𝑡), an acceleration 
level for speed harmonization is additionally calculated. Also, by gap acceptance rule, 
another acceleration level is calculated to ensure sufficient gap for lead and lag spacing.  

• For ‘wait (𝑠1)’ action, a required acceleration level to wait in acceleration lane until the lag 
vehicle pass the SV is computed. Generally, waiting cases are observed when 𝑣6(𝑡) ≪
𝑣670(𝑡) and ∆𝑥6,670	is not sufficient. If 𝑣6(𝑡) ≪ 𝑣670(𝑡) and the remaining distance to the 
end of the acceleration lane at time 𝑡, 𝑅𝐷6(𝑡), is sufficient to not require deceleration, the 
SV slightly accelerates to harmonize the speed with freeway vehicles during waiting time. 

• Lastly, it needs to calculate the required acceleration level to use the forward gap for 
‘overtake (𝑠2)’ action. This case is observed when 𝑣6(𝑡) ≫ 𝑣670(𝑡) and ∆𝑥6´0,6	is not 
sufficient. For this strategy, therefore, speed harmonization is exclude as an acceleration 
component.  
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In addition, the driver of LV decides the acceleration level for a ‘yield (𝑙0)’ action by accepting 
the SV's merging intention. To provide safe spacing for merging, the LV's acceleration level was 
calculated based on the car-following model with an assumption that the SV became a potential 
lead vehicle. For a ‘block (𝑙1)’ action, on the other hand, the driver of SV shows acceleration to 
pass the SV by decreasing spacing. This decrease in spacing is regarded as blocking intention. 

4.6.2  Simulation model validation 

Prior to conducting a case study, validation of the simulation model developed in this study was 
required to determine whether the conceptual model is a reasonably accurate representation of the 
real world [78] and whether the output of simulations is consistent with real world output [79]. To 
validate the simulation model, this study used the graphical comparison technique, in which the 
graphs of values derived from the simulation model over time are compared with the graphs of 
values collected in a real system. It is a subjective, yet practical approach, and is especially useful 
as a preliminary approach [80]. Since the objective of the case study was to verify the repeated 
game’s efficiency, the simulation focuses on presenting microscopic vehicle movements based on 
rational drivers’ decision-making without consideration of individual characteristics. Considering 
this objective, a mathematical approach, such as statistical testing of simulation results, was not 
selected for model validation. Therefore, this study provides a graphical comparison between 
NGSIM data and the results derived from the simulation model to investigate similarity of trend 
in vehicle position and corresponding spacing.   

This study extracted game cases from NGSIM data in which there was no interference by other 
surrounding vehicles except for the three main vehicles (i.e., the SV, PV, and LV). Next, 
instantaneous vehicles’ location and speed at prior to 1.0 seconds in each case were prepared as 
input data for simulation. The graphical comparison results are presented showing longitudinal 
vehicle position and spacing are shown in Figure 4-15. In an example to show changing situation 
(see Figure 4-15(a)), vehicle position and corresponding lead and lag spacing are almost identical. 
In an example in overtaking situation (see Figure 4-15(b)), furthermore, considerable similarity is 
observed. The results show that the simulation model based on the ABM represents values similar 
to those found in the NGSIM data in longitudinal vehicle position and spacing. Consequently, it 
was possible to conclude that the developed simulation model could be utilized in the case study. 
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Figure 4-15.  Simulation model validation results based on the graphical comparison method: (a) 

changing situation (SV ID: 268, PV ID: 258, and LV ID: 269 in the US101 data collected from 8:05 a.m. 
to 8:20 a.m.) and (b) overtaking situation (SV ID: 1108, PV ID: 1112, and LV ID: 1118 in the US101 

data collected from 8:20 a.m. to 8:35 a.m.). 

4.6.3  Case Study 

Simulation setting and cases 

This study conducted case studies in various merging scenarios simulated for a total of five 
vehicles, including a merging vehicle. Simulation experiments were executed using both the one-
shot game model and the repeated game model. As described above, the one-shot game herein is 
played independently without consideration of previous results at every decision-making point. 
The repeated game is played based on the cumulative payoffs proposed in Section 3.4. In addition, 
a freeway segment, including one merging section, was modeled on MATLAB, as illustrated in 
Figure 4-16. The length of the freeway mainline was 1.0 𝑘𝑚 and the 250 𝑚 acceleration lane was 
located 80 𝑚 downstream of the beginning of the network. The details of the simulation settings 
are defined as follows. 
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• Link properties for the freeway are as follows. Saturation flow rate was 2,400 𝑣𝑒ℎ/ℎ/𝑙𝑎𝑛𝑒. 
Jam density was 160 𝑣𝑒ℎ/𝑘𝑚/𝑙𝑎𝑛𝑒. Free-flow speed and speed-at-capacity were 100 𝑘𝑚/ℎ 
and 80 𝑘𝑚/ℎ, respectively. 

• Based on initial longitudinal coordination, vehicles on the network were designated as 𝑛 −
2,	𝑛 − 1, 𝑛, 𝑛 + 1, and 𝑛 + 2, respectively. Here the vehicle 𝑛 denotes the SV. 

• It was assumed that the average initial speed of freeway vehicles was 𝑣µ}s. The initial speeds 
of four vehicles on the freeway mainline (i.e., 𝑛 − 2, 𝑛 − 1, 𝑛 + 1, 𝑛 + 2) were randomly 
determined using the normal distribution with a mean of 𝑣µ}s and standard deviation of 0.2 
at simulation start time. 

• The initial spacing between freeway vehicles, i.e., ∆𝑥6´1,6´0, ∆𝑥6´0,670, ∆𝑥670,671, was 
determined using the Van Aerde’s steady-state model according to instantaneous speed of 
corresponding following vehicle at time step 0.  

• With regard to the game, the time interval for playing the game was 0.5 𝑠. The stage game 
would be newly formed if the LV or PV changed.  

• Maximum and minimum accelerations are 3.4 𝑚/𝑠1  and -3.4 𝑚/𝑠1 , respectively, as 
determined with reference to the NGSIM data. Length of all vehicles was assumed as 
constant as 4.8 𝑚. 

• In this simulation model, the freeway mainline vehicles’ behaviors to avoid a potential 
collision with the merging vehicle, i.e., lane change to left or deceleration before arriving the 
merging section, were excluded. These behaviors could not be modeled for an individual 
vehicle's driving maneuvers in traffic simulator because they are a result of vehicles’ 
independent decisions rather than any interaction with the merging vehicle after recognizing 
the merging vehicle. 

 
Figure 4-16.  Simulation network configurations. 

A total of five simulation cases were prepared, as summarized in Table 4-12, to represent 
plausible merging cases as defined by diverse input values of three factors: freeway mainline 
vehicles’ average speed (𝑣µ}s), initial SV’s speed (𝑣6), and initial lag spacing (∆𝑥6,670). There 
are two main categories in merging: cooperative and competitive merging. Cooperative merging 
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cases, in which the drivers’ decision set would be collaborative by common consent of both drivers, 
indicate typical cases to select a gap type among three types: a forward gap, an adjacent gap, and 
a backward gap. In contrast, a competitive merging case represents an example showing a conflict 
in both drivers’ behavior. For example, the driver of SV who wants to use an adjacent gap is willing 
to prepare to merge onto freeway by turning a signal on, and then executing a lane change. In that 
time, the driver of LV decides not to allow the cut-in to avoid the expected considerable 
deceleration. One of the drivers should change their initial decision in order to avoid a potential 
collision. This competitive situation is not common, but many drivers may have had an experience 
of this type. Thus, we picked two cases in order to show not only the game model’s performance 
in non-cooperative cases but also differences between the two game models in competitive 
scenarios.  

Table 4-12.  Initial Conditions of Merging Scenarios for Case Study 

Index Scenarios Gap type used for merging 𝑣µ}s×××××× 𝑣6××× ∆𝑥6,670×××××××××× 

1 

Cooperative 

Adjacent gap 90 𝑘𝑚/ℎ 75 𝑘𝑚/ℎ 20.0 𝑚 

2 Backward (lag) gap 90 𝑘𝑚/ℎ 65 𝑘𝑚/ℎ 15.0 𝑚 

3 Forward (lead) gap 50 𝑘𝑚/ℎ 65 𝑘𝑚/ℎ 15.0 𝑚 

4 
Competitive 

Adjacent gap or backward gap 
(Initial decision: non-cooperative) 85 𝑘𝑚/ℎ 72 𝑘𝑚/ℎ 14.0 𝑚 

5 Adjacent gap or backward gap 
(Initial decision: cooperative) 90 𝑘𝑚/ℎ 75 𝑘𝑚/ℎ 7.5 𝑚 

Case study results 

Cooperative and competitive cases were tested using the developed simulation model. In order to 
validate the repeated game model’s performance, the simulation results using the repeated model 
are compared with results using the calibrated stage game model played independently, i.e., one-
shot game model at every decision-making point.  

In cooperative scenarios, a dominant action strategy is found in rational decision-making due 
to the apparent situation. The simulation model using the repeated game model shows very close 
performance with that using the one-shot game as the game results are same in each game point. 
Since there is a mixed strategy Nash equilibrium in the competitive cases, both drivers decide an 
action strategy depending on the probability of actions. For case study results, this study provides 
the typical outcome of each scenario if there is no distinct difference in decision-making using the 
two game models. Otherwise, especially in the competitive scenario, the decision-making output 
simulation results of each game model are individually presented.  
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a)  Case 1: cooperative merging scenario using an adjacent gap 

As described in the sensitivity analysis, the developed game model has the ability to represent 
drivers’ decisions in normal cooperative merging cases. According to the game results, as shown 
in Figure 4-18, drivers chose a ‘change (𝑠0) and yield (𝑙0)’ action set during the game period. The 
SV slightly accelerated by speed harmonization rules in preparation for merging while the LV 
decelerated in order to accept the SV’s lane change. When a lead and lag gap was acceptable, the 
SV merged onto the freeway mainline. In simulation, the driver of SV controlled the vehicle’s 
speed via the car-following rule as soon as executing the lane change and its following vehicles 
also showed oscillation in their speed profiles to ensure a safe gap.  

 
Note that a red solid line indicates simulation data of the SV (vehicle 𝑛) during game period, whereas a blue solid line shows the 
SV’s data in simulation time except game period. 

Figure 4-17.  Graphical representation of simulation results in case 1.  

 
Figure 4-18.  Decision-making game results in case 1. 

b)  Case 2: cooperative merging scenario using a backward gap 

Simulation results for the second case, as shown in Figure 4-19, indicate that the driver of SV used 
the backward gap after the initial LV to overtake the SV. In Figure 4-20(a), the drivers decided on 
a ‘wait (𝑠1) and block (𝑙1)’ action strategy, respectively. The LV accelerated to block merging, 
and the SV also accelerated for speed synchronization even though the driver of SV decided to 
take a ‘wait (𝑠1)’ action. As soon as the initial LV overtook the SV, a new merging decision-
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making game was identified in which the vehicle 𝑛 + 2 became the new LV. The results of the 
second game are shown in Figure 4-20(b). The SV continuously chose a ‘change (𝑠0)‘ action until 
the gap acceptance rule was satisfied, then moved to the freeway mainline in consideration of gap 
size and relative speed. The LV, i.e., the vehicle 𝑛 + 2, in the second game decelerated in a 
yielding action in response to the SV’s intention to merge. In conclusion, the merging decision-
making model was shown to depict a typical waiting scenario for both game models. 

 
Note that a red solid line indicates simulation data of the SV (vehicle 𝑛) during game period, whereas a blue solid line shows the 
SV’s data in simulation time except game period. 

Figure 4-19.  Graphical representation of simulation results in case 2.  

 

 
Figure 4-20.  Decision-making game results in case 2. 

c)  Case 3: cooperative merging scenario using a forward gap 

In overtaking scenario, time-space diagram in Figure 4-21 shows that the SV took the forward gap 
and then merge onto the freeway. When the SV entered the acceleration lane, the SV and LV 
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chosen the ‘overtake (𝑠2) and yield (𝑙0)’ action set. Although the LV decided the yielding action, 
it was observed that the LV maintained its speed during the first game period due to observing the 
SV’s passing. After overtaking the lead vehicle, the SV began to decrease the speed to harmonize 
with that of freeway vehicles. New LV, i.e., it had been the lead vehicle in the first game period, 
selected the yielding action in interaction with the SV. So it showed the deep deceleration during 
the second game period. The SV maintained on the acceleration lane, then it changed a lane as 
soon as the gap acceptance rule was satisfied. As described in simulation setting, overtaking 
scenario is usually observed in congested traffic condition. Thus this lane-changing by overtaking 
action caused huge oscillation in speed profile because generally spacing between vehicles is small 
under congested traffic condition. It is concluded that this simulation model based on the proposed 
game model well represents inducing a backward forming shockwave by merging traffic in 
congested condition. 

 
Note that a red solid line indicates simulation data of the SV (vehicle 𝑛) during game period, whereas a blue solid line shows the 
SV’s data in simulation time except game period. 

Figure 4-21.  Graphical representation of simulation results in case 3.  

 

 
Figure 4-22.  Decision-making game results in case 3. 
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d)  Case 4: competitive merging scenario choosing an adjacent gap or a backward gap (1) 

In the fourth competitive merging case, the initial game result of (𝑠0, 𝑙1) is observed in Figure 4-
24(a). As a non-cooperative action strategy set, it means that both drivers are in competition to 
achieve their own objective. At the third decision-making point, a decision they make becomes 
(𝑠1, 𝑙1) as a cooperative action strategy set. Although the driver of SV initially wanted to change a 
lane using an adjacent gap as soon as entering an acceleration lane, they change the initial decision 
in order to avoid collision after recognizing the opposite driver’s aggressive behavior. Thus the 
driver finally uses the backward gap for merging onto the freeway. By this case, this study 
conclude that the repeated game model enables to depict practical change of drivers’ decision in 
competitive decision-making even using the cumulative function. 

 
Note that a red solid line indicates simulation data of the SV (vehicle 𝑛) during game period, whereas a blue solid line shows the 
SV’s data in simulation time except game period. 

Figure 4-23.  Graphical representation of simulation results in case 4.  

 

 
Figure 4-24.  Decision-making game results in case 4. 
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e)  Case 5: competitive merging scenario choosing an adjacent gap or a backward gap (2) 

In Case 5, the simulation results show the SV used the backward gap for merging onto the freeway 
whichever game model is used, as illustrated in Figure 4-25 and Figure 4-26. This example shows 
competition to choose an adjacent gap or a backward gap, as in Case 4. However, there is a 
difference in that the initial decision is a cooperative action strategy in Case 5.  

 
Note that a red solid line indicates simulation data of the SV (vehicle 𝑛) during game period, whereas a blue solid line shows the 
SV’s data in simulation time except game period. 

Figure 4-25.  Graphical representation of simulation results in case 5 using the repeated game model.  

 
Note that a red solid line indicates simulation data of the SV (vehicle 𝑛) during game period, whereas a blue solid line shows the 
SV’s data in simulation time except game period. 

Figure 4-26.  Graphical representation of simulation results in case 5 using the one-shot game model.  

In Figure 4-27(a), when the repeated game model was used, the driver of SV chose a ‘wait 
(𝑠1)’ action during the first game period and then decided to change a lane in the second game 
period. While decision-making results were maintained using the repeated game model, oscillation 
in decision-making is revealed when the one-shot game is used, as shown in Figure 4-28(a). One 
reason why the one-shot game model causes unstable decision results is that the stage game decides 
a driver’s action in a merging situation based on instantaneous vehicle location, speed, and 
acceleration data without consideration of previous game results (i.e., decisions made at previous 
game points). Considering the goal of each action, a change from a non-cooperative strategy set to 
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a cooperative strategy is required in order to avoid a collision (if (𝑠0, 𝑙1) is chosen) or unnecessary 
deceleration (if (𝑠1, 𝑙0) is selected). However, changes between cooperative action strategy sets 
(i.e., (𝑠0, 𝑙0) and (𝑠1, 𝑙1)) are not realistic except when there is a surrounding vehicle intervention. 
This case shows a distinct difference observed in simulation results depending on which type of 
the two game models is used. Oscillation in decision-making may reduce the performance of 
microscopic traffic simulation models even though it is only observed in specific competitive 
merging situations.  

 

 
Figure 4-27.  Decision-making game results in case 5 using the repeated game model. 

 

 
Figure 4-28.  Decision-making game results in case 5 using the one-shot game model. 
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 Cooperative Maneuvers Planning based 
on a Game Model for CAVs 

This study proposes a decision-making game structure for CAVs in merging, and expands it as 
cooperative maneuver planning in merging. In consideration of features of the CAVs, the 
cooperative game design is established and payoff functions are modified based on the third 
model described in Chapter 3. Next, explanation on how cooperative decision-making is 
performed is followed. To show the effectiveness of the proposed cooperative game model, a 
sensitivity analysis is provided and compared to the results using the non-cooperative game 
model. Lastly, a simulation study is conducted to prove the performance of the cooperative 
maneuver planning in the mixed traffic of traditional vehicles and CAVs. 
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Introduction 

AVs have recently attracted increasing interest. Both the IT and the automobile industry are 
engaged in this transformation. According to the IEEE members, they predicted up to 75% of 
vehicles would be autonomous by 2040 [81]. AVs will coexist in traffic systems, and bring about 
potential benefits: enhancement of safety, mitigation of traffic congestion, increase of traffic flow, 
and reduction of environmental impacts. AV is expected to substitute a human-driven vehicle (HV), 
especially, can decrease serious crashes, which 94% of these crashes are due to dangerous 
decisions or human error [82].   

Moreover, transportation systems will be transformed as the advanced transportation 
environment based on connected automated vehicles (CAVs), which enable to communicate with 
other transportation components through vehicle-to-everything (V2X) communication. In 
comparison to the dedicated short-range communication (DSRC), the evolution of long-range 
cellular communication, such as 5G or 4G LTE technology, motivates to develop efficient traffic 
management application and precise vehicle control. Especially, researchers are developing 
application based on vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) communication.  

Fundamental tasks of autonomous driving include car-following, lane keeping and lane-
changing [83]. Car-following and lane keeping have been extensively studied. Cruise control, 
adaptive cruise control (ACC), lane-keeping assist and lane-centering have been developed [84]. 
Complicated tasks including lane-changing are usually realized through planning algorithms [85]. 
The algorithms can be divided into four hierarchical classes: route planning, path planning, 
trajectory planning, and maneuver planning [57]. In maneuver-based model, it relies upon 
interpreting the intention of surrounding traffic components (e.g., vehicles, pedestrians, and 
obstacles). Therefore, a game model which studies the interaction between vehicles is an 
appropriate approach to predict other vehicle’s behavior and then decide a corresponding reaction 
as a maneuver.  

As maneuver planning for CAVs’ lane change, this study develops the merging decision-
making game in which CAVs participate based on the third model developed in Chapter 3. A 
cooperative game design is presented including payoff functions. To show cooperative 
performance of the game, a sensitivity analysis is conducted and a result is compared with that of 
the non-cooperative game model. Last, a simulation study for the competitive cases is conducted 
using the simulation model, which was developed in Chapter 4, integrated with the proposed 
cooperative game model.  
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Cooperative Maneuver Planning of CAVs  

5.2.1  Background 

Stackelberg game model 

A game theoretical approach can be applied into various decision-making situations using game 
characteristics. Especially, the Stackelberg games, which represents a sequential game, have been 
widely used to explain CAV (or AV)’s lane-changing process or vehicle control [57, 86-88]. This 
approach assumed that the leader decides their action first and then the follower move sequentially 
and that the leader knows the follower’s reaction corresponding to the leader’s choice. In order 
words, there is a prerequisite condition that the presence of a hierarchical decision order among 
players exists. This model is proper to model LC behaviors under perfect information. Therefore, 
this study proposes the game model based on the Stackelberg game concept in the mixed traffic 
which CAVs and HVs coexist. 

For illustration purpose, an example is given with specific payoffs for imaginary lane-
changing scenario, as shown in Figure 5-1. The first player SV is the CAV which is able to predict 
reaction of the opposite according to their decision and the other player is a driver of the nearest 
HV, denoted as the driver of LV, in the target lane who wants to maximize their own outcome. 
Both players have respective two action strategy as shown in the figure, and the corresponding 
payoffs for each action strategy set are shown in the parentheses; the number on the left indicates 
the payoff of the SV while the right-side number indicates the payoff of the driver of LV. If the 
Nash equilibrium is used in this example, they will choose the ‘change and yield’ action strategy 
set where there is no player has motivation to change their decision if other player maintain their 
action. However, in the Stackelberg model the optimal decision is chosen by predicting reactions 
of other player. According to the payoffs in Figure 5-1, the driver of LV will decide a yielding 
action to SV’s lane-changing execution as it will bring higher payoff. If the SV decides to wait, 
the driver of LV will block SV’s lane change. By comparison of payoffs between ‘change and 
yield’ and ‘wait and block’ action strategy set, therefore, it is recommended for the SV to stay in 
the current lane for getting the highest payoff by choosing ‘wait’ action. This approach to find an 
equilibrium is called as backward induction. In this manner, the Stackelberg model can be solved 
to find the subgame perfect Nash equilibrium (SPNE), i.e. the strategy profile that serves best each 
player, given the strategies of the other player. To apply this concept into the decision-making in 
merging, required assumptions and a difference with the Stackelberg equilibrium for finding the 
decision are described in the following subsection.   
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Figure 5-1.  Decision tree in a lane-changing example. 

Assumptions to model a decision-making game in the mixed traffic 

The decision-making in which the CAV participated were modelled as a game under perfect 
information by several assumptions: a) the CAV can obtain precise data about surrounding 
vehicles via not only advanced sensors but also V2V communication; b) hence it can perceive 
whether a surrounding vehicle is a CAV or not in the mixed traffic (i.e., market penetration rate is 
not 100%.) by connection status between them; c) All the CAVs decide an action in merging by 
use of identical prediction strategy based on the proposed game model; and d) CAVs decide a 
cooperative action if it does not interfere in their safety, i.e., HV has a priority in decision-making 
in the mixed traffic. The CAV, in other words, can make a decision to avoid conflict based upon 
prediction of HV's expected action even though there is an expected loss in reward. 

5.2.2  Game Design 

In Chapter 3, indeed, this study defined the merging decision-making game is played 
simultaneously under imperfect information in traditional transportation environment. Since this 
merging decision-making game is played to decide the driver’s maneuvers, not deciding whether 
they execute a lane change at every decision-making time period. Since this study assumed that 
the CAV has a role to substitute a human driver based on accurate data collection and decision-
making without human error, game structure including the number of players and players’ action 
strategies was considered as identical form defined in Chapter 3. A difference was that the error 
term to capture unobserved decision variables by human driver’s subjective perception was 
excluded from the payoff functions.  

Game structure 

As shown in Table 5-1, games can be categorized into four games according to the vehicle types: 
𝐶𝐴𝑉*; − 𝐶𝐴𝑉=;, 𝐶𝐴𝑉*; − 𝐻𝑉=;, 𝐻𝑉*; − 𝐶𝐴𝑉=;, and 𝐻𝑉*; − 𝐻𝑉=; . Note that a superscript 
𝑆𝑉 and 𝐿𝑉 indicate the player’s identification in the game. As a review of the game structure, the 
SV has three action strategies change a lane for merging (𝑠0), wait for the lag vehicle’s overtaking 
maneuver in the acceleration lane (𝑠1), or overtake the lead vehicle to use a forward gap to merge 
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(𝑠2). The LV has two action strategies: yield to allow the subject vehicle’s lane change maneuver 
(𝑙0) or block the subject vehicle’s merging maneuver by decreasing the spacing to the subject 
vehicle (𝑙1). Let 𝑆 = {𝑠0, 𝑠1, 𝑠2} and 𝐿 = {𝑙0, 𝑙1} denote the set of pure strategies for the 𝑆 and 𝐿, 
respectively. In addition, 𝑎"@ = 	 (𝑠", 𝑙@) denotes a set of actions (𝑎 ∈ 𝑆 × 𝐿) where 𝑖	and 𝑗 indicate 
the index of action strategies of the 𝑆 and 𝐿 (i.e., 𝑖 = 1,2,3 and 𝑗	 = 1,2). Thus, there are total six 
sets of action strategies in the proposed game. Payoff functions of each action 𝑎"@ for the HV are 
denoted as 𝑃"@ (for 𝐻𝑉*) and 𝑄"@(for 𝐻𝑉=), while these functions for the CAV are denoted as 𝐺"@ 
(for 𝐶𝐴𝑉*) and 𝐻"@  (for 𝐶𝐴𝑉=).  

Table 5-1.  Game Composition by Vehicle Types 

Vehicles 
Vehicle type of the LV 

𝐶𝐴𝑉=;  𝐻𝑉=;  

Vehicle 
type of 
the SV 

𝐶𝐴𝑉*;  

  

𝐻𝑉*;  

  

Payoff functions 

This study basically uses the payoff functions formulated for the third model in Chapter 3. To 
decide like a human driver, this study assumed that the CAV makes a decision by the calibrated 
payoff functions in Chapter 4. As described earlier, in addition, the error term was not included. 
Table 5-2 shows the payoff functions for the 𝐶𝐴𝑉*; − 𝐶𝐴𝑉=;  game. Here 𝐺"@  and 𝐻"@  can be 
applied identically into the other games. 

 



K. Kang                                                         Chapter 5. Cooperative Maneuver Planning for CAVs 

 

 91 

Table 5-2.  Game Structure and Payoff Functions of the Merging Decision-Making Game between CAVs 
in Normal Form 

Player and Actions 
𝐶𝐴𝑉=;  

Yield [𝑙0(𝑞0)] b) Block [𝑙1(𝑞1)] 

𝐶𝐴
𝑉
*;

 

Change 
[𝑠0(𝑝0)] a) 

• 𝐺00 = 𝛼000 + 𝛼001 𝑈*;* (𝑠0) + 𝛼002 𝑈*;±¸ 
• 𝐻00 = 𝛽000 + 𝛽001 𝑈=;* (𝑙0) 

• 𝐺01 = 𝛼010 + 𝛼011 𝑈*;* (𝑠0) + 𝛼012 𝑈*;±¸ 
• 𝐻01 = 𝛽010 + 𝛽011 𝑈=;* (𝑙1) 

Wait 
[𝑠1(𝑝1)] 

• 𝐺10 = 𝛼100 + 𝛼101 𝑈*;* (𝑠1) 
• 𝐻10 = 𝛽100 + 𝛽101 𝑈=;* (𝑙0) 

• 𝐺11 = 𝛼110 + 𝛼111 𝑈*;* (𝑠1) 
• 𝐻11 = 𝛽110 + 𝛽111 𝑈=;* (𝑙1) 

Overtake 
[𝑠2(𝑝2)] 

• 𝐺20 = 𝛼200 + 𝛼201 𝑈*;* (𝑠2) 
• 𝐻20 = 𝛽200 + 𝛽201 𝑈=;* (𝑙0) 

• 𝐺21 = 𝛼210 + 𝛼211 𝑈*;* (𝑠2) 
• 𝐻21 = 𝛽210 + 𝛽211 𝑈=;* (𝑙1) 

 

Cooperative Maneuver Planning for Merging 

5.3.1  Merging Maneuver Planning by Cooperative Decisions 

This study proposes merging maneuver planning in the mixed traffic based on the game model. In 
the mixed traffic, a human driver rationally decides after perceiving the surroundings, but they 
generally want to achieve their own purpose in competition. Although CAVs are developed to 
have a maneuver by mimicking human driver’s decision-making, furthermore, they can make a 
cooperative decision even in competitive situation to avoid conflicts.  

The game models this study developed cannot avoid deciding a non-cooperative action 
strategy if pure strategy Nash equilibrium and mixed strategies are only considered. In Chapter 4, 
the field data have some competitive cases even though most merging situations are cooperative, 
and in the sensitivity analysis of the game model the non-cooperative decision cases were found. 
Before being fully automated transportation systems, non-cooperative driving maneuvers of 
human drivers will be continuously observed. To minimize inefficient competition between, thus 
this study proposes maneuver planning algorithm based on the decision-making game in the mixed 
traffic. 

The basic idea is the CAV can plan the maneuver after predicting the opposite player’s desired 
action, as illustrated in Figure 5-2. Prediction of action strategies is based on the decision-making 
game result at instantaneous time step. If the predicted result is one of non-cooperative action 
strategy sets, i.e., (𝑠0, 𝑙1) or (𝑠1, 𝑙0), the CAV changes its maneuver to be cooperative with other 
player’s action. This approach was developed to take the Stackelberg game concept which makes 
a decision in consideration of the estimated reaction into account. Since this study still maintains 
this the decision-making game is simultaneous game due to no visual sign assigning decision-
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making order even in the connected environment, only the CAV can change its action depending 
on the non-cooperative game results. Examples how the CAV changes the estimated non-
cooperative decision by type of the game is presented in following subsections.  

 
Figure 5-2.  CAV’s maneuver planning based on prediction by the game models. 

5.3.2  Methodology of Cooperative Decision-making by Game Types 

𝐶𝐴𝑉*; − 𝐶𝐴𝑉=;  game 

By assumptions described previously, when both players are CAVs, they can perceive the opposite 
is also the CAV, and plan maneuvers using same algorithm based on collected and shared data at 
every decision-making point. Hence their results will be identical cooperative decision even if they 
independently decide a maneuver. If the 𝐶𝐴𝑉*; − 𝐶𝐴𝑉=;  game result is a cooperative decision, 
set both vehicles just follows this maneuvers. Otherwise, the combined utility by corresponding 
probability and payoff for each cooperative action strategy set is specified as:  

 𝑈"@+𝑎"@- = 𝑝" ∙ 𝐺"@ + 𝑞@ ∙ 𝐻"@ 							∀	𝑎"@ ∈ {𝑎00, 𝑎11}  (5.1) 

They compare the combined utilities, then pick the one which has the higher payoffs. Therefore, 
the cooperative set which is applied until next decision-making time point is determined by: 

 𝑎o~~Ù = [
(𝑠0, 𝑙0)					𝑖𝑓	𝑈00(𝑎00) ≥ 𝑈11(𝑎11)
(𝑠1, 𝑙1)					𝑜. 𝑤.																																				

 (5.2) 

where 𝑎o~~Ù indicates the cooperative set required through the prediction of the non-cooperative 
game result. 
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Figure 5-3 shows an example of the maneuver planning where 𝑎∗ = (𝑠0, 𝑙1) is expected as the 
desired action strategy through the game. There are two alternatives, i.e.,  (𝑠0, 𝑙0) or (𝑠1, 𝑙1), as 
shown in Figure 5-3(a). In the extensive form (see Figure 5-3(b)), dashed lines indicates that the 
decisions towards the non-cooperative sets are not allowed. Both CAVs choose the optimal 
maneuvers showing the highest rewards between alternatives.  

    
Figure 5-3.  Cooperative maneuver planning in 𝐶𝐴𝑉*; − 𝐶𝐴𝑉=;  game with (𝑠0, 𝑙1) action: (a) normal 

form and (b) extensive form. 

To show the performance of the proposed maneuver planning in consideration of the CAVs, 
this study conducts the sensitivity analysis using the 𝐶𝐴𝑉*; − 𝐶𝐴𝑉=;  game. The sensitivity 
analysis was conducted by integrating the maneuver planning algorithm based on the game model 
and following the setting described in Section 4.5.1. Figure 5-4 shows the sensitivity analysis 
results, and there are two distinguished features. First, the payoff functions for the CAV reduce 
the uncertainty induced by the error term. At 𝑣µ}s = 60	𝑘𝑚/ℎ, for instance, the results of the 
𝐻𝑉*; − 𝐻𝑉=;  game (see Figure 4-10(a)) shows the unapparent boundary between regions 
indicating (𝑠0, 𝑙0) and (𝑠2, 𝑙0). In contrast, in Figure 5-4(a), there is a distinct boundary between 
two decision areas. In Figure 5-5, the yellow region illustrates that the difference of game results 
between the 𝐶𝐴𝑉*; − 𝐶𝐴𝑉=;  and 𝐻𝑉*; − 𝐻𝑉=;  game, i.e., indicating effect of the updated 
payoffs. In the 𝐻𝑉*; − 𝐻𝑉=;  game results, moreover, the non-cooperative decision set (𝑠0, 𝑙1) 
was observed, indicating the human drivers compete at specific speed profile and spacing. 
However, the black region of Figure 5-5 indicates that the non-cooperative decision area in the 
𝐻𝑉*; − 𝐻𝑉=;  game results changed to the cooperative sets by the proposed maneuver planning. 
It demonstrates that the proposed maneuver planning can increase the efficiency in merging section 
by reducing the non-cooperative behaviors if the CAVs exist. 
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Note that a red line parallel to the x-axis on each graph indicates the speed of the freeway mainline vehicles (𝑣6´0, 𝑣670). 

Figure 5-4.  Graphical representation of the one-shot game between 𝐶𝐴𝑉*;  and 𝐶𝐴𝑉=;  results depending 
on game locations, spacing between vehicles (∆𝑥6,670), and speed of the SV 𝑛 (𝑣6).  
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Figure 5-5.  Graphical representation of the difference of game results between the 𝐶𝐴𝑉*; − 𝐶𝐴𝑉=;   and 

𝐻𝑉*; − 𝐻𝑉=;  game.  
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𝐶𝐴𝑉*; − 𝐻𝑉=;  game 

In the 𝐶𝐴𝑉*; − 𝐻𝑉=;  game only the 𝐶𝐴𝑉*;  can predict the 𝐻𝑉=;’s decision through the game 
model. These is no way to request to show cooperative behavior on the CAV’s maneuver. If the 
estimated action strategy is a non-cooperative set, hence the 𝐶𝐴𝑉*;  changes the action by 
Equation (5.3): 

 𝑎o~~Ù = [
(𝑠0, 𝑙0)					𝑖𝑓	𝑎∗ = (𝑠1, 𝑙0)
(𝑠1, 𝑙1)					𝑖𝑓	𝑎∗ = (𝑠0, 𝑙1)

 (5.3) 

Figure 5-6 illustrates how this method works where 𝑎∗ = (𝑠0, 𝑙1) is expected as the desired 
action strategy through the game. In consideration of the vehicle type, there is only one alternative 
(𝑠1, 𝑙1), as shown in Figure 5-6(a). In the extensive form (see Figure 5-6(b)), it shows 𝐶𝐴𝑉*;  
chooses the ‘wait (𝑠1)’ action when the 𝐻𝑉=; ’s desired decision is the ‘block (𝑙1)’ action.  

   

    
Figure 5-6.  Cooperative maneuver planning in 𝐶𝐴𝑉*; − 𝐻𝑉=;  game with (𝑠0, 𝑙1) action: (a) normal form 

and (b) extensive form. 

Figure 5-7 shows the sensitivity analysis results by the maneuver planning based on the 
𝐶𝐴𝑉*; − 𝐻𝑉=;  game. The apparent finding is that the CAV changes initial ‘change (𝑠0)’ action 
into the ‘wait (𝑠1)’ action in non-cooperative (𝑠0, 𝑙1) decision area.  
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Note that a red line parallel to the x-axis on each graph indicates the speed of the freeway mainline vehicles (𝑣6´0, 𝑣670). 

Figure 5-7.  Graphical representation of the one-shot game between 𝐶𝐴𝑉*;  and 𝐻𝑉=;  results depending 
on game locations, spacing between vehicles (∆𝑥6,670), and speed of the SV 𝑛 (𝑣6).  
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𝐻𝑉*; − 𝐶𝐴𝑉=;  game 

Similarly, in the 𝐻𝑉*; − 𝐶𝐴𝑉=;  game, only the 𝐶𝐴𝑉=;  can adjust its action to the 𝐻𝑉*; ’s 
decision through the game model. The 𝐶𝐴𝑉=;  changes the action if the estimated action strategy 
is a non-cooperative set: 

 𝑎o~~Ù = [
(𝑠0, 𝑙0)					𝑖𝑓	𝑎∗ = (𝑠0, 𝑙1)
(𝑠1, 𝑙1)					𝑖𝑓	𝑎∗ = (𝑠1, 𝑙0)

 (5.4) 

In the game between 𝐻𝑉*;  and 𝐶𝐴𝑉=; , the 𝐶𝐴𝑉=;  decides the ‘yield ( 𝑙0 )’ action in 
consideration of 𝐻𝑉*; ’s ‘change ( 𝑠0 )’ action  as illustrated in Figure 5-8. It reduces the 
unnecessary accelerating and decelerating between vehicles by avoiding competition.  

       
Figure 5-8.  Cooperative maneuver planning in 𝐻𝑉*; − 𝐶𝐴𝑉=;  game with (𝑠0, 𝑙1) action: (a) normal form 

and (b) extensive form. 

Figure 5-9 shows the sensitivity analysis results by the maneuver planning based on the 
𝐻𝑉*; − 𝐶𝐴𝑉=;  game. By the decision-making method, the 𝐶𝐴𝑉=;  decides an action to avoid the 
non-cooperative decision area. Especially, they choose the (𝑠0, 𝑙0) action strategy in competitive 
situations, as marked with the black dashed box in Fig 5-9(j).  
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Note that a red line parallel to the x-axis on each graph indicates the speed of the freeway mainline vehicles (𝑣6´0, 𝑣670). 

Figure 5-9.  Graphical representation of the one-shot game between 𝐻𝑉*;  and 𝐶𝐴𝑉=;  results depending 
on game locations, spacing between vehicles (∆𝑥6,670), and speed of the SV 𝑛 (𝑣6).  
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5.3.3  Case Study 

Simulation setting  

In cooperative merging situations, indeed, the cooperative maneuver planning algorithm cannot 
affect to the results as the game results are predicted as cooperative one. Thus this study used the 
non-cooperative case, as referred as the case 4 in Section 4.6.3, using the simulation model 
developed in Section 4.6.1. Testbed network was same as illustrated in Figure 4-16, and there are 
four freeway mainline vehicles and one merging vehicle. Note that initial spacing between vehicles 
and speeds of vehicles were constant by no consideration of a random distribution in order to verify 
the performance of the proposed algorithm only. In this competitive case, drivers chose the (𝑠0, 𝑙1) 
action strategy set as the initial game result. For the case study, total four scenarios were prepared 
according to types of game structures: 1)	𝐻𝑉*; − 𝐻𝑉=; , 2)	𝐻𝑉*; − 𝐶𝐴𝑉=;, 3)	𝐶𝐴𝑉*; − 𝐻𝑉=;, 
and 4)	𝐶𝐴𝑉*; − 𝐶𝐴𝑉=;. 

To compare the results, this study estimated the average total delay and the average number 
of vehicle stops by Equation (5.5) and (5.6), respectively, as defined in INTEGRATION manual 
[89]. The total vehicle delay 𝐷 for all vehicles was formulated as: 

 𝐷©~©�$ =½ ½ ∆𝑡 Ú1 −
𝑣"
𝑣µ
Û

"	∈Ñ(©)

	
Ü

©k0

 (5.5) 

where 	𝑇 and ∆𝑡 indicate total simulation time and the time increment of data processing (= 1 deci-
second), respectively; 𝑁(𝑡) is the number of vehicles at simulation time step 𝑡; and 𝑣"  and 𝑣µ 
indicate the instantaneous vehicle speed and free-flow speed, respectively. A partial stop is 
recorded at each time step when a vehicle decelerates, specified as: 

 𝑆"(𝑡") = 	
𝑣"(𝑡 − ∆𝑡) − 𝑣"(𝑡)

𝑣µ
								∀		𝑖				 ∋ 𝑣"(𝑡) < 𝑣"(𝑡 − ∆𝑡) (5.6) 

where 𝑆"(𝑡) denotes instantaneous partial stop of vehicle 𝑖 estimated at time 𝑡". The sum of these 
partial stops provides a very accurate explicit estimate of the total number of stops that were 
encountered along that particular link [89].  

Case study results 

In the first scenario in which human drivers participated, there are two game periods as shown in 
Figure 5-10(a). At initial game point in the first game period, the (𝑠0, 𝑙1) action strategy was 
selected and then the driver of SV changed their decision after perceiving the LV’s blocking 
maneuver. The drivers of the SV and LV maintained the decision of (𝑠1, 𝑙1) action strategy during 
the first period. In the second game period, the SV and new LV decided the (𝑠0, 𝑙0) action strategy. 
In Figure 5-10(b), when the LV was the CAV, it changed to make a cooperative decision by 
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prediction of the game result. Thus, the (𝑠0, 𝑙0) action strategy was observed as initial decision and 
maintained until the SV merged onto the freeway. Lastly, using both C𝐴𝑉*; − 𝐻𝑉=;  and 
𝐶𝐴𝑉*; − 𝐶𝐴𝑉=;  game showed the same results, as illustrated in Figure 5-10(c). In C𝐴𝑉*; −
𝐻𝑉=;  game, the SV decided the ‘wait (𝑠1)’ action to be cooperative with the LV’s desired action. 
In 𝐶𝐴𝑉*; − 𝐶𝐴𝑉=; game, the combined utility (as defined in Equation (5.1)) of the (𝑠1, 𝑙1) action 
is larger than that of the (𝑠0, 𝑙0) action, thus they decided the former one.   

 
 

 
 

 
 

Figure 5-10.  Game results and graphical representation of simulation results in the case study: (a) 
𝐻𝑉*; − 𝐻𝑉=;  (b) 𝐻𝑉*; − 𝐶𝐴𝑉=; , and (c) C𝐴𝑉*; − 𝐻𝑉=;  and 𝐶𝐴𝑉*; − 𝐶𝐴𝑉=;  game. 

 

The total delay and the number of stops were summarized in Table 5-3 and 5-4, respectively.  
Since the delay is related to the stops, both MOEs shows same trend in each scenario. In the second 
scenario, using 𝐻𝑉*; − 𝐶𝐴𝑉=; game provides the smallest total delay (𝐷©~©�$) and the number of 
stops (𝑆©~©�$) for all the vehicles. The sum of MOEs for both SV and LV in the second scenario is 
also less than that in the base scenario. However, the delay and stops of 𝐶𝐴𝑉=;  are greater than 
those of the other scenarios. It reveals that the CAV forcedly yield to allow the SV’s merge, hence 
the delay and the number of stops of the LV on the target lane increased. However, it might be not 
observed if the simulation model is integrated with the advanced acceleration controller developed 
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for the CAVs (or AVs). For ‘yield (𝑙0)’ action, the LV would likely not decelerate if the distance 
to the expected merging point is far from current decision-making point. Thus, it should be 
evaluated using the advanced simulation models in further studies. In the scenarios using both 
𝐶𝐴𝑉*; − 𝐻𝑉=;  and 𝐶𝐴𝑉*; − 𝐶𝐴𝑉=;  games, all MOEs are smaller in comparison to the base 
scenario. It demonstrates that avoiding non-cooperative behavior improves network performance 
in mobility by decrease of conflicts. 

 Table 5-3.  Total Delay (𝐷) in the Case Study 

Game type 𝐷©~©�$ (sec) 𝐷*; (sec) 𝐷=; (sec) 
Sum 

(= 𝐷*; + 𝐷=;) 

𝐻𝑉*; − 𝐻𝑉=; 38.74 1.19 0.52 1.70 

𝐻𝑉*; − 𝐶𝐴𝑉=; 38.56 
(-0.5 %) 

0.52 
(-55.9 %) 

0.73 
(+42.2 %) 

1.26 
(-26.1 %) 

C𝐴𝑉*; − 𝐻𝑉=; and 
𝐶𝐴𝑉*; − 𝐶𝐴𝑉=; 

38.69 
(-0.1 %) 

1.15 
(-3.4 %) 

0.46 
(-10.2 %) 

1.61 
(-5.5 %) 

Number in parentheses indicates difference of total delay as comparison to the 𝐻𝑉*; −𝐻𝑉=; scenario. 
  
Table 5-4.  The Number of Stops (𝑆) in the Case Study 

Game type 𝑆©~©�$ 𝑆*;  𝑆=;  
Sum  

(= 𝑆*; + 𝑆=;) 

𝐻𝑉*; − 𝐻𝑉=; 1.720 0.154 0.103 0.258 

𝐻𝑉*; − 𝐶𝐴𝑉=; 1.368 
(-20.5 %) 

0.003 
(-98.1 %) 

0.190 
(+84.3 %) 

0.193 
(-25.0 %) 

C𝐴𝑉*; − 𝐻𝑉=; and 
𝐶𝐴𝑉*; − 𝐶𝐴𝑉=; 

1.638 
(-4.8 %) 

0.107 
(-30.6 %) 

0.090 
(-13.1 %) 

0.197 
(-23.6 %) 

Number in parentheses indicates difference of the number of stops as comparison to the 𝐻𝑉*; −𝐻𝑉=; scenario. 
 

Simulation Test and Discussion 

This study evaluates the proposed maneuver planning through simulation study. The simulation 
model is developed, and then validated with comparison of the microscopic traffic simulator 
INTEGRAION. As the results, network performances are compared in order to prove how the 
cooperative behavior of vehicles by the maneuver planning affects to the freeway network.  

5.4.1  Development of the Agent-based Simulation Model  

To evaluate the proposed maneuver planning, this study integrated the planning algorithm into the 
developed simulation model in Section 4.6.1. The developed model consists of mainly four parts: 
a) putting vehicle into the network, b) calculation of acceleration level, c) vehicle motion control, 
and d) on-screen animation (see Figure 5-11) and summarization of simulation results. Vehicles 
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are randomly distributed and enter the network through mainline and on-ramp based on the 
volume-to-capacity (V/C) ratio. In the second part, acceleration level is determined by the car-
following model, developed game models, and proposed maneuver planning for CAVs. As 
described in Section 4.6.1, the RPA car-following was used to model steady-state car-following 
and collision avoidance. In addition, game models were used at a merging section and type of the 
model is decided by the type of vehicles (i.e., players). It affects to determine an acceleration level 
to execute vehicle’s maneuver decided by the game model in merging situation. Lastly, the 
maneuver planning is only applied when the CAV is one of players participated in the game and 
the expected action strategy is non-cooperative. Vehicle moves by the determined acceleration 
level at every simulation time step and the simulation results are summarized after end of 
simulation.  

 
Figure 5-11.  Graphic animation in the developed simulation model. 

5.4.2  Simulation network and parameters 

Simulation tests were conducted on a simplified freeway network extended over 700 m and 
included one merging ramp, as shown in Figure 5-12. In order to verify the proposed strategy only, 
the freeway with one lane was coded in the developed MATLAB simulation model. There are two 
scenarios according to the number of vehicles entering into the roadway. The simulation 
experiments were prepared as follows:  

• Total simulation time was 70 minutes (= 4,200 seconds) including 10-minute cool-down 
time. 

• The V/C ratios of the freeway mainline and on-ramp traffic are 0.6 and 0.2, respectively. 

• There are total six cases according to the market penetration rates (MPRs) of the CAVs: 0.0 
(the base case), 0.2, 0.4, 0.6, 0.8, and 1.0. 

• Link properties for the freeway mainline: saturation flow rate was 2,400 veh/h/lane. Jam 
density was 160 veh/km/lane. Free-flow speed and speed-at-capacity were 100 km/h and 80 
km/h, respectively. 

• Link properties for the on-ramp: saturation flow rate was 1,800 veh/h/lane. Jam density was 
160 veh/km/lane. Free-flow speed and speed-at-capacity were 80 km/h and 60 km/h, 
respectively. 
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• The vehicle randomly enters the network based on the normal distribution with a coefficient 
of variation (= standard deviation / mean) of 0.1. It is assumed that its initial speed is also 
normally distributed with a coefficient of variation of 0.1. 

 
Figure 5-12.  Road network for simulation test.  

5.4.3  Simulation validation 

Simulation validation approach and measure of simulation results 

Simulation validation is required to verify the performance of the simulation model. Although the 
simulation model used the validated microscopic models (i.e., the RPA car-following model was 
validated in [54] and the game model was evaluated in Chapter 4), the developed simulation model 
should be verified to show whether it is a proper model for evaluating the proposed algorithm. 
However, there is a limitation on comparison with data obtained from the field having identical 
roadway design as this developed model is hard to represent the complicated behavior such as 
DLC. Therefore, this study compared the simulation performance derived from the developed 
model with the results of the microscopic traffic simulator INTEGRAION, which was validated 
and utilized in various studies.  

INTEGRATION, an agent-based microscopic traffic assignment and simulation software, 
creates individual vehicle trip departures based on an origin-destination (O-D) matrix and moves 
vehicles along the network in accordance with the RPA car-following model [89]. It simulates the 
movement of individual vehicles every deci-second by modeling acceleration, lane-changing 
movements, and car-following behavior [89]. In a previous study, discretionary lane distribution 
was consistent with empirical data [90]. The mandatory lane-changing logic, moreover, was 
validated against empirical data from weaving sections in California [55]. In validation, simulation 
output were compared to the empirical data at several sites and the spatial variation in the lane 
flow distribution was also compared.  

To compare the results, this study coded the identical freeway network as illustrated in Figure 
5-11 onto INTEGRATION and used the same parameters as described in the previous section. In 
the base scenario without input of CAVs, the V/C ratios of freeway mainline and on-ramp are 0.6 
and 0.2, respectively. As the measure of effectiveness (MOE), this study compares the average 
travel time, average total delay (as defined in Equation (5.5)), and the average number of vehicle 
stops (as defined in Equation (5.6)).  
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Simulation validation results 

To validate the simulation model, this study ran the base scenario ten times in each simulator. 
Table 5-4 shows the comparison of MOEs (i.e., average travel time, average speed, average total 
vehicle delay, and average the number of vehicle stops) between the INTEGRATION model and 
the developed simulation model. The results showed difference of less than 10 % on average travel 
time and average travel speed. It indicates that, in the developed tool, all the traffic traveled slightly 
faster. In contrast, it could be interpreted that there are quite large differences on the average total 
vehicle delay and the number of vehicle stops between results of two simulation tools. Although 
the percentages of difference on both MOEs are relatively high value, the differences of both 
MOEs in total traffic are not huge from a quantitative point of view. The average total vehicle 
delay and average the number of vehicle stops in entire traffic are only one second per a vehicle 
and less than 0.5 vehicle-stops, respectively. However, there were apparent differences on the 
MOEs of the on-ramp traffic as the lane-changing logic based on the game model shows the 
dissimilar merging behaviors to the logic in INTEGRATION. In the simulation model based on 
the game model, the on-ramp traffic relatively merged earlier than the results in INTEGRAION. 
In other words, faster cut-in caused the larger delay and partial stops on the mainline traffic. 
Although this difference exists, the developed simulation model generated reasonable outputs. 
Therefore, this study concludes that the simulation model can be utilized for the proposed 
maneuver planning evaluation as a simulation tool. 

Table 5-5.  Simulation Model Validation Results 

MOEs Traffic INTEGRATION Developed 
Simulation Tool Difference 

Average travel time (sec) 

Total 32.73 31.43 -4.0% 

Mainline 33.34 32.33 -3.0% 

On-ramp 30.29 27.85 -8.1% 

Average speed (km/h) 

Total 75.25 76.57 1.8% 

Mainline 75.34 77.95 3.5% 

On-ramp 64.93 71.09 9.5% 

Average total vehicle delay 
(sec/veh) 

Total 7.90 6.88 -12.9% 

Mainline 7.64 7.05 -7.7% 

On-ramp 8.94 6.18 -30.9% 

Average the number of 
vehicle stops (veh-stops) 

Total 0.48 0.88 84.0% 

Mainline 0.45 0.92 104.9% 

On-ramp 0.60 0.73 21.3% 
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5.4.4  Evaluation results of the cooperative maneuver planning  

As mentioned previously, this study conducted simulations by MPRs at the mainline V/C ratio of 
0.6 and on-ramp V/C ratio of 0.2. To evaluate the proposed application, first this study compared 
the MOEs and the number of games in various MPR cases, as summarized in Figure 5-13. The 
simulation tests clearly show that distinct improvement in network performance is observed when 
the cooperative merging maneuver is activated. When CAVs coexist with HVs, in other words, 
vehicles’ travel time, total delay, and the number of vehicle stops decreased in comparison to the 
base case at the MPR of 0 %, as shown in Figure 5-13(a) to 5-13(c). Especially, the superior 
improvement is revealed in the fully connected and automated environment. In the MPR of 100 % 
case, vehicles on both traffic streams traveled faster by about 17 % compared to the base case. 
Both average of total vehicle delay and the number of vehicle stops for the entire vehicles reduced 
by about 78 %. It means that delays induced by competitions in merging situations significantly 
affect to upstream traffic even though only small amount of competitions occur. Since it was 
assumed that the games are played until the merging vehicle find an acceptable gap, moreover, the 
non-cooperative decisions causing competitions result in increasing the number of the game play 
times, as shown in Figure 5-13(d). It may occur the force merging situations as the merging vehicle 
cannot find the gaps, then it generates considerable delays.  

   
 

   
Figure 5-13.  Evaluation results of the cooperative maneuver planning. 
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These quantitative simulation results present that the cooperative behaviors at a merging 
section improve the system-wide network performance. The cooperative merging game between 
CAVs helps players choosing the best strategy without the impact of the uncertain payoffs induced 
by the error term. Thus, it is clear that the proposed cooperative maneuver planning is efficient if 
all the CAVs decide maneuvers based on the same prediction ability.  

Figure 5-14 illustrates the screenshots captured in animation at around 500-second simulation 
time step at the respective MPR of 0 % and 100 %. Note that each box on the road network 
indicates the vehicle and its color shows the instantaneous speed of the vehicle based on the color 
bar indicating a range of the speed (in m/s) on the right side. At the MPR of 0 %, i.e., tradition 
transportation systems, the ramp vehicle’s merge causes deceleration to following vehicles (see 
Figure 5-14(a)), whereas most vehicles travel at near the free-flow speed in the fully connected 
and automated environment (see Figure 5-14(b)). Since both the gap acceptance model and 
acceleration controller were identically operated without consideration of the vehicle type, this 
figure can be an evidence to indicate that the proposed cooperative maneuver planning can improve 
the network performance. In addition, time-space diagrams during 600 to 1,800-second simulation 
time in respective traditional vehicles (i.e. HVs only) environment and the CAVs environment are 
illustrated in Figure 5-15. Backward forming shock waves and forward recovery shock waves are 
observed several times in Figure 5-15(a). Competition between human drivers may result in 
extension of game period. It can induce the forced merging situations causing these shock waves. 
In contrast, in the CAVs environment, no shock wave is presented in Figure 5-15(b). Consequently, 
it reveals that the proposed cooperative maneuver planning contributes to improve traffic flow.  

 

 
 

 
Figure 5-14.  Comparison of animation between (a) the MPR of 0 % case and (b) the MPR of 100 % case. 
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Figure 5-15.  Time-space diagrams (in 600 to 1,800-second simulation time): (a) MPR of 0 % case and 

(b) the MPR of 100 % case. 

5.4.5  Discussion 

The well modeled and precisely validated game model can be applied into the algorithms or 
applications for the CAVs as a part of prediction of human driver’s behavior. This study proposed 
the maneuver planning application based on the game model for merging decision-making, and 
proved that it has the potential benefits in mobility on a freeway. To further develop the proposed 
application, macroscopic traffic flow condition is should be considered to decide the control level. 
In the traffic stream traveling at the free-flow speed, for instance, forced control may induce 
unnecessary decelerations or delays. In other words, the additional algorithm to determine a control 
level (or activation of the cooperative maneuver planning) is necessary. It can be developed based 
on the simulation study conducted in various demand levels and conditions. Also, consideration 
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of physical features related to CAV system and sensors is required in order to integrate the 
developed model with the CAVs. As the preliminary study, this study concludes that the 
cooperative maneuver planning based on the game model has an ability to improve the 
transportation systems.   
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 Development of Optimal Lane Selection 
Algorithm 

This study proposes an optimal lane selection (OLS) algorithm to consider the long-range 
connected environment on a freeway, which can be used an in-vehicle application based on real-
time information. The study introduces the expanded connected environment and the OLS 
application is also described. Next, a utility function for the OLS algorithm is formulated. To 
evaluate the proposed application, a sensitivity analysis and case study are conducted using the 
INTEGRATION microscopic traffic simulator [89].  

 

This chapter is based on the papers listed below: 

1. Kang, K., Bichiou, Y., Rakha, H. A., Elbery A., and Yang, H. (2019, October). 
Development and Testing of a Connected Vehicle Optimal Lane Selection Algorithm. 
Accepted to present at 22nd International Conference on Intelligent Transportation 
Systems (ITSC) 2019, Auckland, New Zealand. 

2. Kang, K., Elbery A., Rakha, H. A., Bichiou, Y., and Yang, H. (2018, November). 
Optimal Lane Selection on Freeways within a Connected Vehicle Environment. In 
Proceedings of 21st International Conference on Intelligent Transportation Systems 
(ITSC) 2018, Maui, HI, USA. 
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Introduction 

Due to the continuous growth of travel demands and limited space for roadway facilities, traffic 
management agencies have been required to mitigate traffic congestion. In the present (traditional) 
transportation environment, intelligent transportation systems (ITS) have been utilized to improve 
road safety and traffic flow efficiency. Now, advanced information and communication technology 
(ICT) provides a chance to evolve the transportation system. Research efforts have been devoted 
to developing and testing connected vehicle (CV) technologies, which have the ability to exchange 
time-critical and safety-critical messages. Connected transportation systems enable cooperative 
control between vehicles and offer the potential benefits of improving safety and mobility. 

Human driving behavior is critical to the safety and throughput of transportation systems. As 
drivers want to maintain their individual car-following status and minimize travel time, potential 
conflicts may occur, especially under congested traffic conditions. For example, drivers 
occasionally show non-cooperative behaviors in lane-changing to gain individual benefits. In lane-
changing, lane selection is conducted using the limited information earned by sight view only, and 
drivers cannot communicate with each other. This causes excessive and unnecessary lane changes 
to avoid unexpected deceleration and improve the instantaneous driving condition. This results in 
turbulence, which triggers the formation of congestion and a capacity drop. 

An in-vehicle CV system can provide beneficial advisories or warnings to drivers. The lane 
change warning application, for example, enhances safety by warning a driver of a potential 
collision with another vehicle or an object in the target lane [45]. In another study, cooperative 
lane-changing led to significant improvements in traffic flow efficiency [91]. Drivers can also 
increase traffic throughput by selecting lanes intelligently. Moriarty and Langley (1998) developed 
and evaluated an intelligent lane selection system, demonstrating that it produces higher speeds 
and reduces the number of lane changes [92]. Jin et al. (2014) proposed real-time optimal lane 
selection (OLS) algorithm with connected vehicle technology, and it reduced average travel time 
by up to 3.8% and the fuel consumption by around 2.2% [93]. Also, Tian et al. (2016) proposed a 
CV application to assist lane selection, and simulation study demonstrates that the application 
reduces travel time and the potential conflict risk [94]. 

Overview of an Optimal Lane Selection Application 

This study designs an optimal lane selection (OLS) application that provides the driver with 
optimal lane information, as seen in Figure 6-1. The OLS algorithm is implemented in an in-
vehicle CV system to determine which lane offers the most efficient freeway travel. CVs transmit 
their data, including speed profile, location (i.e., coordinates and lane identification), using V2V 
communication. The in-vehicle system of the subject CV uses the collected data to evaluate all 
lanes to choose the optimal one. The main purpose of the proposed application is to minimize 
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travel time for an individual CV, while also minimizing the turbulence resulting from selfish lane-
changing. This study assumes that providing driver with the optimal lane advisory can improve 
traffic flow stability on freeways. In addition, the proposed in-vehicle application can be part of a 
lane-based path planning algorithm for lane selection in automated driving. 

 
Figure 6-1. Concept of OLS application. 

Based upon development of wireless communication technology, the advanced connected 
transportation environment is considered to develop and evaluate the OLS algorithm, as shown in 
Figure 6-2. This study assumes that existing Road Side Units (RSU) form a static cloud onto which 
the CV’s data are transferred. In addition, a CV is able to transmit its own data through long-range 
communication. It has the ability to form a cloud for data sharing in areas not covered by RSUs. 
In order to decrease the number of data packets and to minimize communication failure, each cloud 
is divided into segments for aggregating raw speed data. It is also assumed that a CV in the cloud 
becomes an instant leader that gathers segment-based data within a short-communication range 
and can then transfer the data to a local server. It shares downstream data with other CVs in an 
assigned cloud. Following these assumptions, all CVs can obtain downstream data for use in the 
proposed OLS application. 

 
Figure 6-2.  Concept of the advanced connected transportation environment. 
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Structure of the Utility Function 

This study aimed at developing the OLS application, in consideration of the advanced connectivity 
between CVs. The subject 𝐶𝑉" suggests the optimal lane information to a driver based on a speed 
utility as illustrated in Figure 6-3. A lane showing the largest utility is chosen as the optimal lane. 
The speed utility of each lane l, 𝑈",$(𝑡), is defined as   

 𝑈",$(𝑡) = ß𝜇 ∙ 𝑣",$% (𝑡) + (1 − 𝜇) ∙ 𝑣",$* +𝑠",$(𝑡)-à ∙ 𝑓/  (6.1) 

where, 𝑣",$% (𝑡) is the prospective speed of a 𝐶𝑉" if it decides to travel in lane 𝑙, 𝑣",$* +𝑠",$(𝑡)- is the 
safety speed to explain safety computed by spacing headway between the subject vehicle and a 
preceding vehicle in each lane 𝑙 (𝑠",$(𝑡)),  𝜇 is a weighting factor of each speed component (𝜇 ∈
[0, 1]), and 𝑓/  is the lane-changing reduction factor. 

 

 
Figure 6-3.  Structure of the speed utility function. 
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The first component, namely, the prospective speed, is a longitudinal evaluation to increase 
travel speed for an individual CV. This component allows the CV to choose the optimal lane to 
travel faster. The second component, the safety speed, was proposed based on an assumption that 
CVs can detect and monitor the location and speed of surrounding vehicles in all lanes via a multi-
view camera or sensors. The safety speed allows the CV to take surrounding circumstances into 
account. Inclusion of the safety factor helps ensure OLS advisory reliability and helps provide 
efficient and safe travel. The final component, the lane-changing reduction factor, was proposed 
to minimize the number of consecutive lane changes and choose a lane change only if there are 
significant incentives. The speed utility including the three components—prospective speed, safety 
speed, and lane-changing reduction factor—was formulated as described in the following 
subsections. 

6.3.1  Prospective Speed, 𝒗𝒊,𝒍𝑷 (𝒕) 

In Equation (6.1), the prospective speed, 𝑣",$% (𝑡), provides the incentive to travel in lane 𝑙. Initially 
the OLS application was proposed in consideration of the short-range communication like V2V 
communication based on 802.11p DSRC, then this term was expanded in order to consider the 
long-range communication such as LTE or 5G cellular. A formulation for both communication 
environments is described as below. 

Prospective speed based on the short-range communication environment, 𝑣",$
%_*y(𝑡) 

The prospective speed based on the short-range communication 𝑣",$
%_*y(𝑡) consists of a weighted 

average speed 𝑢$æ  and an anticipated average speed term, ∆𝑢$(∆𝜌$∗), as  

 𝑣",$
%_*y(𝑡) 	= (𝑢$æ + ∆𝑢$(∆𝜌$∗)),						∀	𝑙 = 1,⋯ , 𝐿 (6.2) 

where ∆𝜌$∗ indicates the change in the lane density.  

The weighted average speed of downstream CVs in each lane 𝑙, as defined in Equation (6.3), 
is calculated using the speed profile of downstream CVs within the transmission radius (𝑅) of V2V 
communication (i.e., the V2V communication range for the collection of downstream CV data). 
The weighted average speed with normalized weights is one of the main factors for measuring lane 
performance and computes the expected driving speed in each lane. As defined in Equation (6.4), 
the weight 𝜃$

@  is determined by the distance, 𝑑$
",@, between the subject 𝐶𝑉" and the CV vehicle 𝑗 in 

each lane 𝑙 that transmitted the data. The weight indicates that the contribution of data transmitted 
from closer vehicles is more important (or practical) to the estimate of the prospective speed than 
data of farther vehicles, as illustrated in Figure 6-4. 
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 𝑢$æ =
∑ 𝜃$

@𝑣$
@Ñé

@k0

∑ 𝜃$
@Ñé

@k0

,													𝑙 = 1, 2,⋯ , 𝐿 (6.3) 

 𝜃$
@ = 	1 − Ú

𝑑$
",@

𝑅 Û
1

 (6.4) 

where 𝑗 and 𝑁$ are the index of CVs in lane l and the total number of CVs downstream within the 
V2V communication range in lane 𝑙, respectively; and 𝑣$

@  is the speed of the CV 𝑗 in lane 𝑙. 

 
Figure 6-4.  Weight factor (𝜃$

@) value by distance for short-range-based OLS algorithm. 

Using the weighted average speed based on real-time data collected on roadways illustrates 
one of the benefits that are achieved from CV technology. Tian et al. used the minimum speed and 
average speed of each lane as measurement of the current lane performance for the optimal lane 
selection [94]. However, considering only the current speed would result in most CVs choosing 
the identical lane when a lane shows a distinctly faster speed. This would cause excessive lane 
changes into the same lane, thereby decreasing the overall utility. As a result, real lane performance 
will be considerably different from the anticipated lane speed. To avoid this problem, an 
anticipated average speed term, ∆𝑢$(∆𝜌$∗) , that describes the change in the lane density is 
simultaneously considered with the prospective speed as a correction to the estimated speed: 

 ∆𝑢$(∆𝜌$∗) = 𝑢$+𝜌$∗(𝑡 + 𝛿𝑡)- − 𝑢$+𝜌$∗(𝑡)-	, (6.5) 

 𝜌$∗(𝑡) =
𝑁$(𝑡)
𝑅 ×

1
𝑀𝑃𝑅 	, 

(6.6) 

 𝜌$∗(𝑡 + 𝛿𝑡) =
𝑁$∗(𝑡 + 𝛿𝑡)

𝑅 ×
1

𝑀𝑃𝑅 (6.7) 
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where  𝑁$∗(𝑡 + 𝛿𝑡), as shown in Figure 6-5, is the estimated number of CVs in lane 𝑙 at time 𝑡 +
𝛿𝑡 (= 𝑁$(𝑡) + 𝑞$"6 − 𝑞$~ê©) and MPR denotes market penetration rate. 

 
Figure 6-5.  The estimated number of CVs in lane 𝑙 at time 𝑡 + 𝛿𝑡. 

This term is based on an assumption that CVs can share their target lane information through 
V2V communication. This means that a CV takes the lane selection of the other CVs downstream 
into consideration when computing their lane performance. This allows the selection be affected 
by changes in the traffic density, as seen in Figure 6-6. In addition, the traffic flow merging onto 
the freeway via an on-ramp is also considered as entering traffic flow for the rightmost lane. 
Consequently, the speed correction considering the density change is calculated using Equation 
(6.5). To estimate the traffic density of each lane at the current time 𝑡, the current number of CVs, 
𝑁$(𝑡), is considered. For the estimated density at time 𝑡 + 𝛿𝑡, in addition, 𝑁$(𝑡) and the expected 
variation in the CV count, i.e., summation of entering vehicle count (𝑞$"6) and subtraction of exiting 
vehicle count ( 𝑞$~ê© ) within the communication range 𝑅  in the corresponding lane 𝑙 , are 
simultaneously considered. As illustrated in Figure 6-6, correction of the estimated speed, 
∆𝑢$(∆𝜌$∗), is estimated by a macroscopic speed-density relationship. This study uses the speed-
density relationship in the steady-state traffic stream model that was proposed by Van Aerde (1995) 
and Van Aerde and Rakha (1995), which combines the Pipes and Greenshields models into a 
single- regime model as defined in Equation (6.8) [67, 68]: 

 𝑘 =
1

𝑐0 +
𝑐1

𝑢µ − 𝑢
+ 𝑐2𝑢

. (6.8) 

The model coefficients can be computed as  

 𝑐0 =
𝑣µ
𝑘@𝑣o1

+2𝑣o − 𝑣µ-, (6.9a) 

 𝑐1 =
𝑣µ
𝑘@𝑣o1

+𝑣µ − 𝑣o-
1
, (6.9b) 

 𝑐2 =
1
𝑞o
−

𝑣µ
𝑘@𝑣o1

 (6.9c) 

where 𝑣µ , 𝑘@ , 𝑣o , and 𝑞o  indicate the free-flow speed, jam density, speed-at-capacity, and 
saturation flow rate. 
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Figure 6-6.  Correction of the estimated speed in speed-density relationship.  

Prospective speed based on the long-range communication environment, 𝑣",$% (𝑡) 

The prospective speed, 𝑣",$% (𝑡), as defined in Equation (6.10), is the weighted average value of  
downstream segments’ speed in each lane 𝑙. As description in section 6.2, speed of downstream 
segment 𝑘 in lane 𝑙, 𝑣C,$(𝑡)××××××××, is the average speed of aggregated CVs. In this work, the weight for 
segment 𝑘 in each lane 𝑙 (i.e., 𝜃C,$) was always constant as 1.0, as illustrated in Figure 6-7. It 
causes that a CV which has an enough gap enables to change a lane for in order to avoid 
downstream congestion even if the CV is located far from the congestion area. If the weight by 
distance is considered, in contrast, only CVs near the congestion area would be induced to change 
a lane, but it is hard to follow the optimal lane advisory due to small spacing in high demand 
scenario. Because of consideration regarding the safety speed, in other words, CVs cannot choose 
the other lane if there is an insufficient gap to change lanes even if a lane change is highly 
recommended to efficiently traverse the congested area. To increase efficiency of this application, 
therefore, a CV even located far from the congested area has a chance to change lanes using the 
uniform weight. This ensures that farther downstream data be considered as important as closer 
data. 

 𝑣",$% (𝑡) =
∑ 𝜃C,$	𝑣C,$(𝑡)××××××××°
Ckx

∑ 𝜃C,$°
Ckx

,													𝑙 = 1, 2,⋯ , 𝐿 (6.10) 

where 𝑘 and 𝐶 are the index of segments and the total number of segments in downstream links 
that the OLS operates. In addition, 𝜃C,$  and 𝑣C,$(𝑡)×××××××× are the weight of each segment 𝑘  and the 
average speed of the segment 𝑘 in lane 𝑙. 

Moreover, this study ignored a correction of the prospective speed which considers the 
predicted density change, as applied for the OLS algorithm based on the short-range 
communication, as it is not practical to apply into when considering communication technologies. 
In detail, this term had been intended to remove the possibility that all CVs choose the same lane 
when they consider only the average speed of CVs within a short-communication range. To make 
this term essential, two assumptions must be made: 1) that the CVs can share their OLS 
information and 2) that drivers always follow this advisory. In addition, there is a risk that 
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estimated density may cause significant error at low MPRs. Accordingly, this study only considers 
the average of speeds of downstream segments. 

 
Figure 6-7.  Weight factor (𝜃C,$) value by distance for long-range-based OLS algorithm. 

6.3.2  Safety Speed, 	𝒗𝒊,𝒍𝑺 +𝒔𝒊,𝒍(𝒕)- 

The safety speed is calculated by spacing headway between the closest preceding vehicle and the 
subject 𝐶𝑉" , 𝑠",$(𝑡), in each lane 𝑙. To estimate the safety speed, this study used the RPA car-
following model, which was first developed in [66]. It consists of the following three components: 
steady-state traffic stream behavior, collision avoidance, and vehicle dynamics [54]. Performance 
of the RPA car-following model was validated against naturalistic driving data [54]. 

First, the steady-state traffic stream model based on the Van Aerde’s steady state car-
following model [67, 68] is used as  

 𝑠"(𝑡) = 	 𝑐0 + 𝑐2 ∙ 𝑣"(𝑡) +
𝑐1

𝑣µ − 𝑣"(𝑡)
 (6.11) 

where 𝑣"(𝑡) signifies the speed of the vehicle 𝑖 and time 𝑡, and 𝑠"(𝑡) represents the spacing of the 
vehicle 𝑖 at time t (i.e., the distance between the vehicle 𝑖 and the vehicle ahead of it 𝑖 − 1).  

The second component of the RPA model, collision avoidance, was modeled to avoid 
incidents at non-steady state conditions. The estimated speed by collision avoidance is defined as 

 𝑣",°í(𝑡) = 	î𝑣"´0(𝑡)1 + 2𝑎�"6(𝑠"(𝑡) − 𝑠@)	 (6.12) 
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where 𝑎�"6  and 𝑠@ denote the minimum acceleration (i.e., maximum deceleration) and the jam 
spacing, respectively. 

The last component, vehicle dynamics, is the acceleration based on the realistic acceleration 
capability of the vehicle, as described in Equation (6.13):  

 𝑎"(𝑡) =
𝐹"(𝑡) − 𝑅"(𝑡)

𝑤"
 (6.13) 

where 𝑎"(𝑡) is the acceleration of the vehicle 𝑖 at time 𝑡, 𝑤" is the mass of the vehicle 𝑖, and 𝐹"(𝑡) 
and 𝑅"(𝑡) represent the total tractive and resistive forces at time t, respectively. Both 𝐹"(𝑡) and 
𝑅"(𝑡)  are functions of the vehicle speed 𝑣"(𝑡) . The resistive force is proportional to the air 
resistance, grade resistance, and rolling resistance. The detailed formulas of the two forces are 
described in [54].  

6.3.3  Lane-changing Reduction Factor, 𝒇𝒓 

For optimal lane allocation in consideration of traffic flow, it is better for two CVs to make one 
lane change each rather than for one CV to make two lane changes. To avoid driver stress created 
by multiple lane-change requests, the driver’s inertia factor should be considered to minimize the 
number of consecutive lane changes when there is feasible incentive. For the lane change reduction 
factor, 𝑓/ , the lower value is applied when a larger number of lane changes are required to reach 
the target lane. To discount the speed utility when multiple lane changes are required, as 
formulated in Equation (6.1), the utility is multiplied by the lane-changing reduction factor (𝑓/) 
which is proportional to the difference between the target lane and the index of the current lane, 
|𝑙 − 𝑙"(𝑡)|, as described in Equation (6.14):   

 𝑓/ = 1 − 𝛾|𝑙 − 𝑙"(𝑡)|,										𝑙 = 1, 2,⋯ , 𝐿 (6.14) 

where 𝛾 and 𝑙"(𝑡) are the discount rate per lane change and the index of the current lane of 𝐶𝑉" at 
time 𝑡, respectively.  

Sensitivity Analysis 

In this section, a sensitivity analysis is presented to observe how changes of the factors related to 
the proposed OLS application impact the simulation results. For the analysis, connected 
environment was supposed as the advanced connected transportation environment, i.e., the long-
range communication. The speed utility formulated for the long-range communication, therefore, 
was used here. The analysis was conducted with a microscopic traffic simulator, INTEGRATION 
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[89]. The analysis was conducted by varying several input factors: a) origin-destination (O-D) 
table, b) MPRs, c) OLS time step, d) ratio for prospective speed utility, 𝑓n , and e) length of segment 
in cloud. 

6.4.1  Integration of the OLS algorithm into the INTEGRATION  

The proposed OLS algorithm was incorporated in the INTEGRATION software. In order to 
describe the connected transportation systems, the simulator identifies all CVs in each lane which 
have location, lane, speed, spacing data. At the OLS operation time 𝑡ò=*, they can transmit their 
data via the long-range communication. Then, the segment average speed is computed based on 
CVs’ data. Each CV searches the optimal lane using the speed utility. The lane with the greatest 
speed utility is chosen as the optimal lane, 𝑙"∗(𝑡); i.e.,  

 𝑙"∗(𝑡) = arg max
$∈{0,1,⋯=}

{𝑈",$(𝑡)}. (6.15) 

The OLS application is executed for an individual CV with time interval, i.e., this lane selection 
process is repeated each time interval ∆𝑡. To execute the OLS application at each OLS execution 
time step, INTEGRATION defines the object group excluding CVs which have decided the 
optimal lane at previous OLS execution time steps. A CV, which selected previously the optimal 
lane, skips the OLS algorithm process during relaxation time, e.g., five seconds, and tries to reach 
the target lane. If there is sufficient spacing, the CV changes a lane to follow OLS advisory.  

6.4.2  Simulation Setting for Sensitivity Analysis 

Simulation experiments were conducted by comparing the connected transportation system using 
the OLS application and the traditional non-connected transportation system. In addition, a 
freeway segment, including one merging section, was modeled on INTEGRATION for sensitivity 
analysis, as illustrated in Figure 6-8. The length of the freeway mainline was 3.5 𝑘𝑚 and the 300 
𝑚 acceleration lane was located 2.5 𝑘𝑚 downstream of the beginning of the network. The details 
of the simulation settings for the sensitivity analysis are described as follows. 

• Link properties for the freeway mainline: 𝑞o  was 2,400 𝑣𝑒ℎ/ℎ/𝑙𝑎𝑛𝑒 . 𝑘@  was 160 
𝑣𝑒ℎ/𝑘𝑚/𝑙𝑎𝑛𝑒. 𝑣µ and 𝑣o were 100 𝑘𝑚/ℎ and 80 𝑘𝑚/ℎ, respectively.  

• Link properties for the on-ramp: 𝑞o was 1,800 𝑣𝑒ℎ/ℎ/𝑙𝑎𝑛𝑒. 𝑘@ was 160 𝑣𝑒ℎ/𝑘𝑚/𝑙𝑎𝑛𝑒. 𝑣µ 
and 𝑣o were 50 𝑘𝑚/ℎ and 40 𝑘𝑚/ℎ, respectively. 

• There were two origin-destination (O-D) pairs—(1–3) and (2–3), as denoted using the node 
number in Figure 6-8—classified by entering the simulation network through the mainline 
and on-ramp, respectively.  
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• All vehicles were modeled as personal vehicles and the properties of vehicle dynamics were 
the basic properties set in INTEGRATION. 

• The OLS application was applied on the upstream link of the merging section (i.e., OLS 
control region) as shown in Figure 6-8 and time interval ∆𝑡 was 0.5 seconds.  

• In addition, 𝜇 was 0.6 and the lane-changing reduction discount rate (𝛾) was 2% per lane 
change. Both were chosen as the optimal value via a feasibility study. 

• A base segment length to aggregate lane performance data was set at 100 meters. The 
wireless communication was always successful and all CVs transmitted data with 0% noise.  

• Simulation time for each scenario was an hour and 10 minutes, including 10 minutes 
warming-up time. In addition, this sensitivity analysis was conducted 10 times with various 
random seeds for each scenario.  

 
Figure 6-8. Simulation network for sensitivity analysis. 

6.4.3  Sensitivity Analysis Results 

Simulation analysis on traffic demands  

As the first critical factor, a sensitivity analysis was conducted to understand the performance of 
the application at various traffic demand levels. The simulation settings are described in subsection 
B. In this analysis, the MPR of CVs was 100% and freeway traffic demand levels and the on-ramp 
traffic varied as follows.  

• The volume-to-capacity (V/C) ratio (i.e. volume divided by capacity) of the freeway 
mainline traffic (1–3) varied from 0.6 to 0.9 with increment of 0.1. The much lower traffic 
demand cases were not considered because the OLS algorithm is not required in uncongested 
flow. 

• The V/C ratio of the merging traffic via on-ramp (2–3) was 0.2, 0.4, 0.6, 0.8, and 1.0. 

• Therefore, the total number of O-D sets, considering various demand levels for both traffic 
conditions, was 20 as summarized in Table 6-1. 

According to the defined demand levels, the V/C ratios from both traffic conditions combined 
ranged from 0.64 to 1.09 against the freeway mainline capacity, as shown in Table 6-1. This study 
compared them with the level of service (LOS) criteria for basic freeway segments in highway 
capacity manual (HCM) 2010 [95]. Although the network for the sensitivity analysis is not the 
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basic freeway segments defined in HCM, this criteria was taken to simply show the magnitude of 
the combined traffic flows entering via freeway mainline and on-ramp. According to the manual, 
the maximum V/C for LOS C, D, and E at 𝑣µ = 65	𝑚𝑖/ℎ is 0.71, 0.89, and 1.00. When the V/C is 
over 1.00, this condition would be classified as LOS F. As defined in Table 6-1, demand sets vary 
from LOS C to LOS F. 

 

Table 6-1. Combined Demand (in 𝑣𝑒ℎ/ℎ) in Each Case for Sensitivity Analysis 

Demand cases 
On-ramp V/C 

0.2 0.4 0.6 0.8 1.0 

Mainline 
V/C 

0.6 6,120 
(0.64, C) 

6,480 
(0.68, C) 

6,840 
(0.71, C) 

7,200 
(0.75, D) 

7,560 
(0.79, D) 

0.7 7,080 
(0.74, D) 

7,440 
(0.78, D) 

7,800 
(0.81, D) 

8,160 
(0.85, D) 

8,520 
(0.89, E) 

0.8 8,040 
(0.84, D) 

8,400 
(0.88, D) 

8,760 
(0.91, E) 

9,120 
(0.95, E) 

9,480 
(0.99, E) 

0.9 9,000 
(0.94, E) 

9,360 
(0.98, E) 

9,720 
(1.01, F) 

10,080 
(1.05, F) 

10,440 
(1.09, F) 

Note: Number and alphabet in parentheses indicates the volume/capacity (V/C) ratio and the expected LOS, respectively. 

 

For the sensitivity analysis, average of total delay of CVs was used as measure of effectiveness. 
Figure 6-9 illustrates the simulation results. At the mainline v/c ratio of 0.6 to 0.8, as shown in 
Figure 6-9(a) to 6-9(c), the OLS application was effective where the merging traffic was greater. 
The demand cases with a total V/C ratio between 0.75 and 0.99, with the exception of two cases—
the total V/C ratio of 0.78 (the mainline V/C ratio of 0.7 and the on-ramp V/C ratio of 0.4) and of 
0.84 (the mainline V/C ratio of 0.8 and the on-ramp V/C ratio of 0.2)—verified that the OLS 
application in the connected transportation system resulted in better network performance 
compared to the traditional system. Lastly, in high demand cases where the demand was over 
freeway capacity, the OLS did not work efficiently, as shown in Figure 6-9(d). When the demand 
level was over capacity due to severe traffic congestion, network performance was not improved 
even though the OLS application was active. In summary, if there is a quite amount of merging 
traffic and the total demand is not over the roadway capacity, the OLS application helps provide 
beneficial lane-changing advice and mitigates traffic congestion caused by merging traffic.  
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Figure 6-9. Difference of average total delay between the OLS-enabled CV scenario and the non-CV 

scenario in each demand set. 

To demonstrate efficiency of the OLS algorithm, lane density in the non-connected and the 
connected transportation system was compared. Figure 6-10 was prepared to show the density of 
each lane on time-space diagram at the mainline V/C ratio of 0.8 and the on-ramp V/C ratio of 0.8. 
Figure 6-10(a) and 6-10(b) illustrates lane density in the traditional transportation system and 
connected transportation system with the OLS application, respectively. Lane 1 is the closest lane 
to the median and lane 4 is the rightmost lane. In both figures it is observed that turbulence 
occurred near merging section because of high demand. It caused traffic congestion, then backward 
forming shock wave is observed. Lane density was the highest in the rightmost lane (i.e., lane 4) 
and as going toward the lane 1 the density decreased. In comparison between two figures, however, 
there is a remarkable difference that the lane allocation performance by applying the OLS 
algorithm in the connected system is better that in the traditional transportation system. This 
advantage is described below. 

Figure 6-11 shows the difference in lane density (i.e., 𝜌°; − 𝜌Ñ~6´°; ). Here, 𝜌°;  is the 
density in the traditional transportation system (as shown in Figure 6-10(a)) and 𝜌Ñ~6´°;  is the 
density in the connected system with OLS control (as shown in Figure 6-10(b)). As the results 
illustrating comparison results between both systems, the red on the surface graph (in Figure 6-11) 
at a certain simulation time and location indicates an increased density, whereas a lower density 
in the connected systems is indicated where the surface is blue.  

As Figure 6-11 shows, introducing the OLS application into the connected transportation 
systems resulted in a significant benefit in lane allocation. The density in lane 1 to 3 increased 
when using the OLS application, while the density in lane 4 decreased. In addition, the queue 
length was shorter in the connected systems as compared to the traditional systems. The distinct 
blue color surface in lanes 3 and 4 indicates a decrease in lane density, and therefore a shorter 
queue length. Hence, the lane density results indicate that the OLS application distributed traffic 
more evenly across lanes.  
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Figure 6-10.  Density in each lane between (a) the non-CV scenario and (b) the OLS-enabled CV 

scenario. 

This difference in lane density reveals that CVs changed a lane by following OLS-provided 
optimal lane advisories, making a lane change toward the left before arriving at the merging section 
to avoid congestion. Thus, the developed OLS application based on long-range wireless 
communication is shown to be effective in making travel more efficient in the connected system. 
Traffic management performance is therefore better in the CV system utilizing the OLS application. 
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Note: Lane 1 and lane 4 indicate the closest lane to the median and the rightmost lane, respectively. 

Figure 6-11.  Density difference in each lane between the OLS-enabled CV scenario and the non-CV 
scenario. 

Simulation analysis on market penetration rates (MPRs) 

In this subsection, the impact of CV MPRs is assessed. For simulation, there were two demand 
sets. In the first demand set, the V/C ratios of the freeway mainline and ramp were 0.8 and 0.6, 
respectively. The second set used the V/C ratio of 0.8 for both O-D pairs entering through the 
mainline and ramp. Simulation cases with OLS control were set with MPRs from 0 % to 100 %. 
The other related parameter values are described in previous simulation setting. 

Figure 6-12 shows total delay according to vehicle type in two demand sets. As the figure 
shows, CVs using OLS had better travel performance than traditional vehicles. In demand set 1, 
total system delay decreased with an increase in MPR. In a low MPR scenario, the difference in 
total delay between vehicle types was bigger. In demand set 2, on the other hand, total system 
delay in 20 % and 40 % MPR scenarios was higher than in the traditional vehicle system (i.e., 0 % 
MPR scenario). The OLS application leads CVs to travel faster than non-CVs by providing the 
appropriate optimal lane advisory. Since the v/c ratio of demand set 2 is close to capacity, however, 
a lane change prompted by the OLS advisory causes turbulence, which produces traffic congestion.  
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Figure 6-12.  Comparison of total delay by MPRs.  

Simulation analysis on OLS time step 

This study additionally analyzes the impact of OLS time step which indicates how frequently the 
OLS algorithm is executed. Demand sets used here were same as the sets in analysis of MPR 
variation stated in previous subsection and for this test the MPR was 100 %. Table 6-2 shows total 
delay in various OLS time step with the range of 0.1 to 5.0 seconds. Other simulation parameters 
related to the OLS used here were same as defined in simulation setting. 

In both demand sets the OLS algorithm demonstrates its performance improving traffic flow 
in comparison with the traditional transportation system which is not connected between vehicles. 
As the OLS is operated more frequently, the total delay decreased. It means that the OLS improves 
the transportation system performance when the OLS is often operated. In the demand set 1, i.e., 
mainline and on-ramp V/C were 0.8 and 0.6 respectively, total system delay decreased by 16.7 % 
and 14.9 % in scenario with frequency of 0.1 and 0.5 seconds, respectively. Other scenarios also 
show improvement on total delay even though the OLS application is operated every 5.0 seconds. 
In the second demand set which the V/C of both traffic streams are 0.8, total delay is also reduced 
when the OLS is executed. Only difference is that total delay in the 0.1 seconds frequency scenario 
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is slightly higher than that in the 0.5 seconds frequency scenario. The reason is that the OLS 
induces more lane changes by providing the optimal target information.  

Table 6-2. OLS time step sensitivity on average delay  

Scenarios 
 

Demand set 
Traditional  

system 

Connected transportation system 
with OLS time step (𝑠) 

0.1 𝑠 0.5 𝑠 1.0 𝑠 2.0 𝑠 5.0 𝑠 

Demand set 1 
(Mainline V/C: 0.8, 

Ramp V/C: 0.6) 
45.97 38.27 

(-16.7 %) 
39.13 

(-14.9 %) 
41.36 

(-10.0 %) 
41.86 

(-8.9 %) 
42.87 

(-6.7 %) 

Demand set 2 
(Mainline V/C: 0.8, 

Ramp V/C: 0.8) 
78.45 72.63 

(-7.4 %) 
71.26 

(-9.2 %) 
73.47 

(-6.3 %) 
75.57 

(-3.7 %) 
76.31 

(-2.7 %) 

 

Simulation analysis on ratio for prospective speed utility (𝑓𝑠) 

One of critical parameter related to efficiency of the OLS is a ratio 𝜇 for the prospective speed 
utility, i.e., a weighting factor of each speed component. Due to direct impact on the utility it affects 
the utility to decide the target lane. To test the impact of this parameter, a range between 0.2 to 1.0 
with increment of 0.2 was used. As described in utility formulation, the ratio of 1.0 means that the 
connected vehicle provides the optimal lane information selected by consideration of instant lane 
performance only. When this ratio is 1.0, in other words, the vehicle chooses the target lane to travel 
faster, but not consider the spacing with the preceding vehicle in each lane.     

In the results, the ratio for prospective speed component has an important role on travel 
performance of the OLS in both demand sets. When the ratio is 1.0, in both demand sets the total 
delay extremely increased as shown in Table 6-3. Providing the optimal lane by the lane 
performance only induces that a driver of the CV tries to change a lane even if there is not sufficient 
spacing. It causes turbulence by forming a severe shockwave after forced lane-changing. 
Consideration of safety speed, therefore, is essential in order to avoid inefficient lane change. A 
driver of the CV should receive an advisory based on when there is sufficient gap to change into 
the target lane. Consequently, both prospective lane speed (𝑣",$% (𝑡)) and speed based on headway 
(𝑠",$(𝑡)) should be considered simultaneously to choose the optimal lane. 

In addition, when the ratio is less than 1.0, in the first demand set, the total delay in the 
connected transportation system with the OLS application is less than that of the traditional 
transportation system. In the second demand set, using the OLS application at 𝜇 < 0.8 shows 
better performance in lane allocation even though the OLS using 𝜇 = 0.8 in the connected system 
makes traffic flows worse in comparison to the traditional system. As the results, a scenario using 
the ratio of 0.6 in both demand sets shows the minimum delay during simulation. Thus, 𝜇 = 0.6 
is proposed as the optimal value for the OLS algorithm here. 
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Table 6-3. Ratio 𝜇 sensitivity on average delay  

Scenarios 
 

Demand set 
Traditional  

system 

Connected transportation system 
with ratio for prospective speed utility 

0.1 s 0.5 s 1.0 s 2.0 s 5.0 s 

Demand set 1 
(Mainline V/C: 0.8, 

Ramp V/C: 0.6) 
45.97 43.73 

(-4.9 %) 
41.17 

(-10.4 %) 
39.13 

(-14.9 %) 
39.78 

(-13.5 %) 
124.38 

(170.6 %) 

Demand set 2 
(Mainline V/C: 0.8, 

Ramp V/C: 0.8) 
78.45 76.31 

(-2.7 %) 
73.63 

(-6.1 %) 
71.26 

(-9.2 %) 
85.15 

(8.5 %) 
168.17 

(114.4 %) 

 

Simulation analysis on length of segment in cloud 

Segment length indicates the data aggregation size to present instantaneous driving condition in 
each lane. As the results summarized in Table 6-4, dividing a cloud into more segments, i.e., using 
shorter segment length, showed smaller delay than using longer segments in all demand sets. When 
the segment length is 100 𝑚, the average delay decreases by about 15 % and 9 % compared to the 
traditional system in the demand set 1 and 2, respectively. It implies that that using the OLS with 
the speed utility based on the short-length segment can provide the beneficial advice to the driver. 
If the OLS uses the traffic data aggregated in a short range of sections, however, the required 
number of instantaneous data would be increased. Consequently, using short length of the segment 
in utility calculation is recommended if long-range communication technology can support to 
transmit a huge amount of data without latency. 

Table 6-4.  Cloud segment length sensitivity on average delay 

Scenarios 
 

Demand set 
Traditional  

system 

Connected transportation system 
with length of segments in cloud 

100 m 300 m 500 m 

Demand set 1 
(Mainline V/C: 0.8, 

Ramp V/C: 0.6) 
45.97 39.13 

(-14.9 %) 
42.23 

(-8.1 %) 
43.42 

(-5.5 %) 

Demand set 2 
(Mainline V/C: 0.8, 

Ramp V/C: 0.8) 
78.45 71.26 

(-9.2 %) 
74.81 

(-4.6 %) 
75.87 

(-3.3 %) 

 

Case Study: I-66 

In order to prove the OLS application’s efficiency, it was evaluated in a real roadway network. 
Interstate 66 (I-66) and Virginia state route (SR) 267 located in northern VA, USA, as shown in 
Figure 6-13, were selected as case study roads. The segment along I-66 is about 6-miles long and 
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contains several on- and off-ramps. For the case study, this study used O-D data estimated in [96] 
to evaluate the developed OLS application. According to [96], observation data were collected 
between 2:00 p.m. and 8:00 p.m. on three consecutive days from March 12 to March 14, 2013, by 
five trailers installed on the test bed, as shown in Figure 6-14. The number of lanes changes from 
4 at the Trailer 3 to 2 at the Trailer 4, and the average travel time from the entrance of I-66 or SR-
267 to the exit of I-66 is about 10 minutes [96]. The O-D data were estimated by QueensOD [97]. 
Average error percentage on flow comparison between QueensOD and field observations every 
observed day is less than 1.5% error [96]. The total number of vehicles entering the simulation 
network for six hours was estimated as 31,105.  

 
Figure 6-13. Network for case study: I-66 and Virginia SR 267 (source: [98]). 

 

 
Figure 6-14. Location of trailers for data collection (in [96]). 
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Simulations were conducted for both a traditional transportation system and a connected 
transportation system in which CVs used the OLS application. In the OLS-enabled case, CVs 
suggested the optimal lane to a driver traveling the I-66 and SR 267 mainline. The case study was 
conducted with various MPRs of 0 %, 20 %, 40 %, 60 %, 80 %, and 100 %, and ran a simulation 
for each scenario 10 times with various random seeds. The other related parameter values are used 
same values described in simulation setting for the sensitivity analysis.  

Prior to discussion about simulation results, this study provides simulation screenshots 
captured at every hour for total three hours, as shown in Table 6-5 below. There are two scenarios: 
a scenario in the traditional transportation system without using the OLS and a scenario using the 
OLS with MPR of 100 % in the connected transportation system. When simulation time is 3,600 
seconds, congestion forms on I-66 eastbound in the traditional transportation system while there 
is no congestion in the connected transportation system. After additional an hour, congestion trend 
between the two cases is quite different at 7,200 seconds. Queue length on I-66, as shown in red 
dotted circle, in the traditional transportation system is longer than that in the connected system. 
When simulation time is 10,800 sec, I-66 is over-saturated and it affects traffic on SR 267 in the 
traditional transportation system. In the connected transportation system, congestion on I-66 is 
also observed, but there is no queue on SR 267. In conclusion, OLS application, which is an in-
vehicle system application, is expected to contribute distinguished performance in traffic flow. 

Simulation results are summarized in Table 6-6. System travel times decreased as MPRs of 
CV increased. At a MPR of 100%, travel time decreased by 16.6% compared to the traditional 
system with a MPR of 0%. As the results of this case study, it is expected that a traveler can travel 
faster by 106 seconds if the OLS application is activated. In addition, CVs’ travel time is lower 
than that of traditional vehicles in all scenarios. This reveals that the OLS application is able to 
reduce travel time and provide a better driving experience. In conclusion, the OLS application 
based on advanced wireless communication will contribute to improve not only travel performance 
of individual vehicles but also entire network. 
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Table 6-5. Simulation screenshots in case study 

Simulation 
time Traditional transportation system 100% OLS-enabled in connected 

transportation system 

3,600 seconds 
(1 hour) 

  

7,200 seconds 
(2 hour) 

  

10,800 
seconds 
(3 hour) 

  

 

Table 6-6. Average travel time (in seconds) comparison results in case study 

Index 
MPRs 

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

CVs - 599.04 584.41 566.63 549.26 535.41 

Non-CVs 641.98 605.97 601.92 581.67 543.97 - 

Average 641.98 604.57 
(-5.8%)a 

594.91 
(-7.3%) 

572.64 
(-10.8%) 

548.21 
(-14.6%) 

535.41 
(-16.6%) 

a Number in parentheses indicates average travel time difference as comparison to the 0% MPR case. 
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  Conclusions and Recommendations 

This chapter presents the conclusion found in the dissertation. Furthermore, the 
recommendations for future research are provided in terms of theoretical improvements and 
practical applications. 
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Main Findings and Conclusions 

Drivers’ behavior has a large effect on the safety and throughput of the transportation system. At 
a freeway merge section, traffic conflicts between merging and through vehicles induce 
shockwaves, which results in congestion. This dissertation, therefore, addressed on enhancing 
freeway merge section operations based on vehicle connectivity. The study initially focused on 
modeling human drivers' decision-making in merging situations thoroughly and accurately. To 
depict realistic drivers’ decision-making process, non-cooperative behaviors for merging 
maneuvers was modeled based on a game theoretical approach. The developed model can be used 
to analyze traffic flow in a microscopic traffic simulator, and also be applied into the driving 
algorithm of an AV which substitutes a human driver. In addition, the cooperative maneuver 
planning was proposed based on a cooperative merging game, considering CAVs environment. 
Lastly, the optimal lane selection algorithm was also proposed to improve lane allocation by taking 
downstream traffic condition into account. In this study, each chapter demonstrate the following 
findings. 

In Chapter 3, human drivers’ decision-making process at a merging section on a freeway was 
modeled using a game theoretical approach. To describe the drivers’ cooperative or non-
cooperative decisions, the stage game structure for merging maneuvers was designed, then 
formulated payoff functions through three-phase development in order to not only enhance model 
performance but also eliminate the defects. Moreover, this study introduced the repeated game 
approach for practical decision-making conducted periodically and repeatedly until the merging 
vehicle enter onto the freeway mainline.  

The research presented in Chapter 4 evaluated the developed game models using the NGSIM 
data. As a summary of the model evaluation, all the stage game models indicated the remarkable 
prediction capacity, more than 75%, of merging maneuvers in model validation. Among them, the 
third stage game model showed the excellent performance with 86% of prediction accuracy. To 
provide the performance of the repeated game model, the simulation model was developed, then 
the simulation study was conducted. As the results, both the one-shot game and repeated game 
model based on the third stage game identically presented reasonable decision-making 
performance in cooperative merging situations. In the competitive scenario, however, this study 
concluded that the repeated game model showed superior performance than the one-shot game 
model.  

In Chpater 5, this study expanded the non-cooperative game model validated in the previous 
chapter as the part of the cooperative maneuver planning for CAVs. To enhance network 
performance based on the CAV’s technological benefits, this study proposed that the CAV can 
choose a cooperative maneuver by responding to the predicted non-cooperative behavior. The 
simulation model was developed and then validated by comparison with the INTEGRAION on 
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network performances. The simulation results proved that the cooperative maneuver planning 
improve network performance on a freeway merge section. 

Another lane-changing application, the OLS, was proposed in consideration of the advanced 
long-range wireless communication, which is expected to enhance transportation systems. To 
decide the optimal lane for an individual CV, the speed utility function was developed for a 
practical use considering both driving performance and safety. The sensitivity analysis of the OLS 
algorithm was conducted, and the results provided that the OLS application within the connected 
transportation system decreased delay and travel time. The application increased efficiency at 
certain higher demands that cause traffic congestion, though not at conditions over capacity, by 
inducing lane changes to allow CVs to avoid traveling in congested areas. Through the case study 
on I-66 and Virginia SR 267 this study concluded that the OLS application could contribute not 
only to travel efficiency for individual vehicles but also to system-wide performance. 

Recommendations for Future Research 

Regarding the game theory model, this study focused on modeling the actual decision-making 
at microscopic level, while other game theory-based models focused on lane-changing execution. 
Human driver’s decision-making is very complicated and affected by individual perception on the 
surroundings, driving skill, and aggressiveness, roadway design, human error, and so on. To 
integrate it with acceleration controller of the microscopic traffic simulator, therefore, the game 
model should be calibrated using the field data obtained under various traffic conditions and 
roadway designs. Thereafter, the game model can be used as one of the important components 
determining acceleration level in microscopic simulation model.   

In addition, as a new transportation paradigm, the AVs have attracted and the related industries, 
research institutes, and world-wide governments are looking forward that they coexist with human 
drivers. One of important issue is whether they can make a rational decision like human-being. To 
solve this problem, various approaches have been applied into the AV’s decision-making 
algorithm. Game theory is also one of famous methodologies used for development of dynamic 
driving strategy for AVs. Thus use of the developed game model is recommended and it can be 
cooperated with the Machine learning, such as the reinforcement learning algorithm, to enhance 
decision-making ability by getting feedback in the form of reinforcement in a dynamic 
environment.  

In the connected transportation environment, there are many potential benefits improving 
safety and mobility and reducing energy use and emissions. Following this trend, many algorithms 
have been proposed in consideration of the wireless communications. To use these algorithms in 
real transportation systems, these should follows the technical standards and specification and be 
integrated with other relevant algorithms and the vehicle systems. Therefore, the cooperative 
maneuver planning in this study should be developed to be one of applicable algorithm in the CAV 
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environment. To demonstrate its ability, in addition, it is required to test using the state-of-the-art 
simulation model, which has an ability to reasonably simulate based on the future environment, 
under various scenarios. This recommendation is useful for the OLS algorithm proposed in this 
study. More experiments are needed to verify the model’s performance and increase the realism 
of the simulation. Finally, both the proposed cooperative maneuver planning and OLS application 
will be a part of lane-based path planning for CAVs.  
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