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ABSTRACT 
 

This report presents three research efforts that are being published in various journals. The first 
research effort presents a reactive-driving agent based algorithm for modeling driver left turn gap 
acceptance behavior at signalized intersections. This model considers the interaction between 
driver characteristics and vehicle physical capabilities. The model explicitly captures the vehicle 
constraints on driving behavior using a vehicle dynamics model. In addition, the model uses the 
driver’s input and the psychological deliberation in accepting/rejecting a gap. The model is 
developed using a total of 301 accepted gaps and subsequently validated using 2,429 rejected 
gaps at the same site and also validated using 1,485 gap decisions (323 accepted and 1,162 
rejected) at another site. The proposed model is considered as a mix between traditional and 
reactive methods for decision making and consists of three main components: input, data 
processing and output. The input component uses sensing information, vehicle and driver 
characteristics to process the data and estimate the critical gap value. Thereafter, the agent 
decides to either accept or reject the offered gap by comparing to a driver-specific critical gap 
(the offered gap should be greater than the critical gap for it to be accepted). The results 
demonstrate that the agent-based model is superior to the standard logistic regression model 
because it produces consistent performance for accepted and rejected gaps (correct predictions in 
90% of the observations) and the model is easily transferable to different sites. The proposed 
modeling framework can be generalized to capture different vehicle types, roadway 
configurations, traffic movements, intersection characteristics, and weather effects on driver gap 
acceptance behavior. The findings of this research effort is considered as an essential stage for 
modeling autonomous/driverless vehicles 
 
The second effort develops a heuristic optimization algorithm for automated vehicles (equipped 
with cooperative adaptive cruise control CACC systems) at uncontrolled intersections using a 
game theory framework. The proposed system models the automated vehicles as reactive agents 
interacting and collaborating with the intersection controller (manager agent) to minimize the 
total delay. The system is evaluated using a case study considering two different intersection 
control scenarios: a four-way stop control and the proposed intersection controller framework. In 
both scenarios, four automated vehicles (a single vehicle per approach) were simulated using a 
Monte Carlo simulation that was repeated 1000 times. The results show that the proposed system 
reduces the total delay relative to a traditional stop control by 35 seconds on average, which 
corresponds to an approximately 70 percent reduction in the total delay. 
 
The third effort presents a new tool for optimizing the movements of autonomous/driverless 
vehicles through intersections: iCACC. The main concept of the proposed tool is to control 
vehicle trajectories using Cooperative Adaptive Cruise Control (CACC) systems to avoid 
collisions and minimize intersection delay. Simulations were executed to compare conventional 
signal control with iCACC considering two measures of effectiveness - delay and fuel 
consumption. Savings in delay and fuel consumption in the range of 91 and 82 percent relative to 
conventional signal control were demonstrated, respectively. It is anticipated that the findings of 
this report may contribute in the future of advanced vehicles control and connected vehicles 
applications. 
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ABSTRACT 
The paper develops a reactive-driving agent based algorithm for modeling driver left turn gap 
acceptance behavior at signalized intersections. This model considers the interaction between 
driver characteristics and vehicle physical capabilities. The model explicitly captures the vehicle 
constraints on driving behavior using a vehicle dynamics model. In addition, the model uses the 
driver’s input and the psychological deliberation in accepting/rejecting a gap. The model is 
developed using a total of 301 accepted gaps and subsequently validated using 2,429 rejected 
gaps at the same site and also validated using 1,485 gap decisions (323 accepted and 1,162 
rejected) at another site. The proposed model is considered as a mix between traditional and 
reactive methods for decision making and consists of three main components: input, data 
processing and output. The input component uses sensing information, vehicle and driver 
characteristics to process the data and estimate the critical gap value. Thereafter, the agent 
decides to either accept or reject the offered gap by comparing to a driver-specific critical gap 
(the offered gap should be greater than the critical gap for it to be accepted). The results 
demonstrate that the agent-based model is superior to the standard logistic regression model 
because it produces consistent performance for accepted and rejected gaps (correct predictions in 
90% of the observations) and the model is easily transferable to different sites. The proposed 
modeling framework can be generalized to capture different vehicle types, roadway 
configurations, traffic movements, intersection characteristics, and weather effects on driver gap 
acceptance behavior. It is anticipated that these findings may be used to develop weather-specific 
traffic signal timings and also for the future of vehicle-to-vehicle communications. 

INTRODUCTION 
The use of agents of many different kinds in a variety of fields of computer science and artificial 
intelligence is increasing rapidly due to their wide applicability. Agent-based modeling “ABM” 
(or multi-agent modeling) has emerged as a modeling algorithm for modeling complex systems 
composed of interacting and autonomous units (i.e. agents). Agents have behaviors, often 
described by simple rules, and interact with other agents, which in turn influence their behaviors. 
The level of an agent’s intelligence could vary from having pre-determined roles and 
responsibilities to a learning entity. There are a growing number of agent-based applications in a 
variety of fields and disciplines, like for example: the stock market (e.g. [1, 2]), molecular self-
assembly (e.g. [3]), biological science (e.g. [4-6]), etc. In addition, a number of transportation 
related agent-based applications have already been studied in the literature. Chen and Cheng 
(2010 [7]) presented a general overview of agent-based modeling techniques applied to many 
aspects of traffic and transportation systems, including decision support systems, dynamic 
routing and congestion management, and intelligent traffic control. 

In the case of traffic control systems, Ossowski et al. [8] presented a decision support 
system that was designed for the management of the urban motorway network around Barcelona. 
Roozemond [9] described the development of an agent-based urban traffic control system that 
reacted to changes in the traffic environment and adapted its parameters in real-time in 
accordance with travel demand, traffic flow and changes to the traffic environment. Dresner and 
Stone ([10-13]) proposed a multi-agent reservation-based algorithm which consisted of two types 
of agents: intersection managers and driver agents. Zou and Levinson [14] presented a 
framework for the impact of microscopic adaptive control on traffic delay and collisions at 
intersections using multi-agent systems and ad-hoc network communications. Both the vehicles 
and the management components were represented by respective agents. Bazzan [15] proposed a 
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multi-agent system for interacting traffic signal controllers along an arterial network using a 
game theory algorithm. The decision of the signal agents involved decisions to change phases for 
the synchronization of the traffic signals along an arterial. 

In addition, a number of studies proposed the implementation of different agent-based 
architectures for modeling driver route choice decisions. For example, Dia and Purchase [16] and 
Dia [17] proposed the use of an agent architecture composed of capabilities and behavioral rules 
to model individual drivers based on behavioral surveys. Rossetti et al. [18] proposed the 
implementation of similar techniques within the DRACULA traffic simulation model. Wahle et 
al. [19] proposed a two-layer agent architecture for modeling individual driver route choice 
behavior. Rakha et al. developed demonstrated the INTEGRATION agent-based framework for 
modeling various user-equilibrium and eco-routing strategies [20]. 

Hernandez et al. [21] described the development of a knowledge-based agent architecture 
for real-time traffic management at a strategic level in urban, interurban or mixed areas. Dia [22] 
demonstrated the feasibility of using autonomous agents for modeling dynamic driver behavior 
and analyzing the effect of ATIS “Advance Traveler information systems” on the performance of 
a congested commuting corridor in Australia. Jin et al. [23] proposed an agent based hybrid 
model for traffic information intelligent control simulation that perform the basic interface, 
planning and support services for managing different types of “DRT” services to optimize driver 
route selection. In summary, agent-based modeling concepts have been used in many 
transportation applications including traffic management, traffic control, route choice, traffic 
information systems, decision support, etc. 

In this paper, we develop a novel application for agent-based modeling within the context 
of gap acceptance modeling using reactive-driving agent algorithms. Gap acceptance is defined 
as the process that occurs when a traffic stream (known as the opposed flow) has to either cross 
or merge with another traffic stream (known as the opposing flow). Examples of gap acceptance 
behavior occur when vehicles on a minor approach cross a major street at a two-way stop 
controlled intersection, when vehicles make a left turn through an opposing through movement at 
a signalized intersection, or when vehicles merge onto a freeway. This paper focuses on crossing 
gap acceptance behavior for permissive left turns.  

A gap is defined as the elapsed-time interval between arrivals of successive vehicles in 
the opposing flow at a specified reference point in the intersection area. The minimum gap that a 
driver is willing to accept is generally called the critical gap. The Highway Capacity Manual 
(HCM) (2000) [24] defines the critical gap as the “minimum time interval between the front 
bumpers of two successive vehicles in the major traffic stream that will allow the entry of one 
minor-street vehicle.” The HCM 2000 considers the critical gap accepted by left-turn drivers as a 
deterministic value equal to 4.5 s at signalized intersections with a permitted left-turn phase. This 
value is independent of the number of opposing-through lanes to be crossed by the opposed 
vehicles and weather condition. Since the critical gap of a driver cannot be measured directly, 
censored observations (i.e., accepted and rejected gaps) are used to compute critical gaps. For 
more than three decades research efforts have attempted to model driver gap acceptance 
behavior, using either deterministic or probabilistic methods. The deterministic critical values are 
treated as a single threshold for accepting or rejecting gaps. Examples of deterministic methods 
include Raff’s [25] and Greenshields’ [26, 27] methods. The stochastic or probabilistic approach 
to modeling gap acceptance behavior involves constructing either a logit [28] or probit model 
[29, 30] using some maximum likelihood calibration technique. The fundamental assumption is 
that drivers will accept all gaps that are larger than the critical gap and reject all smaller gaps. 
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STUDY OBJECTIVE AND PAPER LAYOUT 
The objective of this study is to develop a reactive-driving agent-based framework for modeling 
driver gap acceptance behavior. The proposed model is considered an interaction between driver 
characteristics and vehicle physical capabilities. The model is physical because it captures the 
vehicle constraints on driver gap acceptance behavior. Alternatively, the model captures the 
human’s psychological deliberation in gap acceptance behavior. 

In terms of the paper layout initially the data gathering procedures and a description of 
the data is provided. Subsequently, the framework for the reactive-driving agent model is 
presented followed by the critical gap estimation procedures using two different methods. The 
application of the agent-based model on a different data set is then discussed. Finally, the 
summary and conclusions of the paper are presented. 

STUDY SITE DESCRIPTION AND DATA ACQUISITION EQUIPMENT 
While the proposed framework is general, we demonstrate this approach using a sample 
intersection to provide a practical example of the model application. The study site that is 
considered in this study is the signalized intersection of Depot Street and North Franklin Street 
(Business Route 460) in Christiansburg, Virginia. A schematic of the intersection is shown in 
Figure 1a. It consists of four approaches at approximately 90° angles. The posted speed limit for 
the eastbound and northbound approaches was 35 mph and for the westbound and southbound 
approaches was 25 mph at the time of the study.  
 

 

(a)    

(b)   

(c)    
 

Figure 1: (a) Layout of Study Intersection; (b) Video Surveillance System; and (c) 
Weather Monitoring System 

The signal phasing of the intersection included three phases, two phases for the Depot 
street North and South (one phase for each approach) and one phase for the Route 460 (two 
approaches discharging during the same phase) with a permissive left turn movement. Figure 1a 
illustrates the movement of vehicles during the green phase of Route 460 and the dashed lines 
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show the left turn vehicle trajectory where drivers are facing a gap acceptance/rejection situation. 
The dashed line is opposed by the through movements at three conflict points P1, P2 and P3 
respectively. Each conflict point presents the location of possible collision with the through 
opposing movement. The data acquisition hardware of the study site consisted of two 
components:  

(a) Video cameras to collect the visual scene (Figure 1b). There were four cameras installed 
at the intersection (one camera for each approach) to provide a video feed of the entire 
intersection environment at 10 frames per second.  
(b) Weather station (Figure 1c). The weather station provided weather information every 
minute. The collected weather data included precipitation, wind direction, wind speed, 
temperature, barometric pressure, and humidity level.  

The video data were reduced manually by recording the time instant at which a subject 
vehicle initiated its search to make a left turn maneuver, the time step at which the vehicle made 
its first move to execute its left turn maneuver, and the time the left turning vehicle reached each 
of the conflict points. In addition, the time stamps at which each of the opposing vehicles passed 
the conflict points were identified. The final dataset that was constructed consisted of a total of 
2,730 gaps of which 301 were accepted and 2,429 were rejected. These 2,730 observations 
included 2,017 observations for dry conditions and 713 observations for different rain intensity 
levels (from 0.254 cm/hr up to 9.4 cm/hr). It should be stated that it is only considered passenger 
(sedan) vehicles in this study. 

REACTIVE-DRIVING AGENT BASED MODELING FRAMEWORK 
Agents are considered interactive units that have their own plans and goals using their sensed 
attributes to achieve these goals and plans. A vehicle with its driver can also be viewed as an 
agent; it can sense the environment by communicating with other vehicles on the road. 
Consequently, intelligent agents can be used to simulate the driving behavior of individual 
drivers where each agent’s general goal is to reach its destination safely in the fastest possible 
way. The adaptability and flexibility of an intelligent agent makes it possible to control various 
types of vehicles with different driving behavior. Each agent can be equipped with its own 
attributes to simulate driving capabilities and vehicle characteristics to model inter- and intra-
variability between drivers. 

In this paper, we propose the use of a “reactive-driving” agent-based approach for 
modeling the gap acceptance/rejection behavior for left-turn vehicles. The reactive agents, (also 
called reflex or behavior-based agents) are inspired by the research done in robotic control. The 
concept of reactive-driving agents modeling was illustrated in few literature (e.g. [10]), behavior-
based robotics [11] and microscopic traffic simulation [31]. The traditional agent architecture 
uses standard search-based techniques, and a plan is constructed for the agent to achieve its goal 
[31-33]. Traditional agent architectures applied in artificial intelligence use sensor information to 
create a world model. Using sensor constraints and uncertainties cause the world model to be 
incomplete or possibly even incorrect. On the other hand, pure reactive agents have no 
representation or symbolic model of their environment. The main advantage of reactive agents is 
that they are robust and have a fast response time. This is the reason that most reactive agents use 
non-reactive enhancements [31].  

The proposed reactive-driving agent is considered as a mix between traditional and 
reactive methods for decision making as illustrated in Figure 2. The reactive-driving agent layout 
consists of three main components: Input, Data processing and Output. The input component 
fuses information from weather stations (rain intensity, roadway surface condition, etc.), 
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intersection characteristics (number of lanes, speed limit, etc.) and the offered gap sizes to the 
driver. Thereafter, the vehicle characteristics, travel time estimated for the vehicle to cross the 
intersection and the minimum additional time needed by the driver as a buffer of safety are added 
to the information. Subsequently, all input information is processed in the “Memory and Data 
Processing” component to estimate the minimum acceptable gap for the driver (i.e. critical gap). 
Comparing the offered gap size stored in the memory to the critical gap of the driver, will lead to 
the Output Component (i.e. decision making); if the offered gap is greater than the critical gap, 
the agent will accept the gap; otherwise it will reject it. 

The agent-based modeling approach entails estimating the duration of time it would take 
the subject vehicle to traverse a conflict point and avoid collision with an opposing vehicle. 
Typically, the driver requires some additional buffer of safety to ensure that no collision occurs. 
Consequently, the modeling of driver gap acceptance behavior requires the modeling of driver 
acceleration behavior and the additional buffer of safety the driver requires in accepting a gap for 
the estimation of the critical gap size as will be described in the following sections. 

Vehicle 
Characteristics 

(power of engine, 
weight,..

Intersection 
characteristics 

(number of lanes, 
speed,…)

Travel time needed 
to cross the 
intersection 

Weather station 
measurements and 
Surface condition 

sensing (dry or wet)

Driver Decision 
i.e. Accept or Reject 

The offered gap.         

Memory and Data 
Processing

Sensors Input

Driver’s minimum 
buffer of safety

Vehicle Input

Driver Behavior 
Input

Output

Offered gap size

Critical Gap 
Estimation

 

Figure 2: The reactive-driving agent layout 

 
CRITICAL GAP ESTIMATION USING TRADITONAL APPROACHES 
Given that the driver response is a discrete variable (reject or accept) while the independent 
variables are continuous, a logistic model was fit to the data. Three multivariate models were 
evaluated and compared. The final model that was selected was of the form  

( ) 1 2 3logit ( ) ( ) ( )o tp g w rβ β τ β β= + − + + .                                                                                           (1) 

Where logit(p) equals ln(p/(1-p)); p is probability of accepting a gap; g is the gap size 
offered to the opposed vehicle (s); w is the duration of time that the driver waits in search of an 
acceptable gap (s); r is the rain intensity (cm/h); and τt is the median travel time to the conflict 
point (2.3 s in the case of the first conflict point and 3.5 s for the second). In calibrating the 
model to the field data using a generalized linear model (GLM) the model coefficients (β0, β1, β2, 
and β3) were estimated at -3.677, 0.771, 0.033, -0.623, respectively. The 95 percent confidence 
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limits were estimated at (-4.011, -3.367), (0.698, 0.850), (0.014, 0.053), and (-1.167, -0.217), 
respectively. 

Based on Equation (1), the critical gap can then be computed by setting the probability of 
accepting a gap to 0.5 which results in a logit function that equals zero. Consequently the critical 
gap (tc) can be computed as 

0 32
0 1 2

1 1 1
c tt w r w rβ ββτ α α α

β β β
= − − − = + + .                                                                                          (2) 

By applying the calibrated logit model coefficients (β0, β1, β2, and β3) to Equation (2) the 
critical gap coefficients (α0, α1, and α2) are computed to be 7.07, -0.04, and 0.81 for the first 
conflict point and 8.27, -0.04, 0.81 for the second conflict point, respectively. This implies that 
the critical gap decreases as the driver waits longer in search of an acceptable gap (i.e. drivers 
become more aggressive as they wait longer). Alternatively, the critical gap increases as the rain 
intensity increases (i.e. drivers become less aggressive as the rain intensity increases). 
Consequently, by knowing the rain intensity and the waiting time, the corresponding critical gap 
could be calculated. 

CRITICAL GAP USING NEW PROPOSED APPROACH 
The proposed agent-based approach can be considered as a driver-vehicle interaction model 
given that the model captures the psychological deliberation of the driver in addition to the 
physical constraints imposed by the vehicle. In addition, the model captures the interface 
between the vehicle tires and the roadway surface. The proposed model considers the driver 
specific critical gap (the minimum gap a driver is willing to accept) for each driver, as the 
summation of the travel time to reach the conflict point, the time needed to clear the length of the 
vehicle and an additional time as a buffer of safety as 

c T L St t t t= + +                                                                                                                                            (3) 

Where; tc is the critical gap value for each driver, tL is the time required to clear the length 
of the vehicle and tS is the buffer of safety time between the passage of the length of the vehicle 
the conflict point and reaching the opposing vehicle the same point. Figure 3 shows the critical 
gap tc components. Each term of this equation will be described in detail in this section. 

tT tL tS

tc

 
Figure 3: The proposed critical gap value for the agent-based model 
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• Determine the type of vehicle which is entering 
the intersection and willing to accept a gap

• Determine Vehicle specifications: Power of engine, Air drag Coefficient, Frontal Area, Length of 
vehicle (L) , Weight of vehicle, Transmission efficiency, Percentage of wt on tractive axle, Type of tires, 
Type of braking system

• Calculate the aerodynamics 
and grade resistances acting 
on vehicle (Ra and Rg)

• Calculate the tractive effort  
of vehicle: (Ft)

• Determine the type, quality 
and grade of roadway surface 

Dry
Wet (Rain)

• Determine the condition of the road surface

• Determine the 
road adhesion 
coefficient in 
dry condition

• Determine the 
road adhesion 
coefficient in 
wet condition

• Calculate the instant effective tractive 
force(F) :   F(t)=min(Fmax,Ft)

• Calculate The instant total Resistance 
      force (R) :  R(t)=Rr+Ra+Rg

• Calculate the instant 
acceleration of the vehicle 
a(t)=( F(t) - R(t) ) / m

• Calculate the speed and 
position of the vehicle 

      after Δt : 
      v(t+Δt) and x(t+Δt)

N
o

• Plot the time 
space diagram 
of the vehicle

• Calculate the maximum tractive force of vehicle (Fmax)
• Calculate the rolling resistance force acting on vehicle (Rr)

• Determine the travel 
time of the vehicle to 
reach the conflict 
point

Ye
s

The vehicle 
crossed the 

intersection ?

Knowing the instant speed 
and position of the vehicle 

Knowing the distance to 
conflict point from the 

geometry of the intersection 
and the vehicle trajectory

 
Figure 4: The proposed steps for estimating the travel time to a conflict point  
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Travel Time to Conflict Point (tT) 
Considering the type of vehicle entering the intersection and the roadway surface condition (wet 
or dry), the travel time required to reach the conflict point can be computed. The time required 
by a vehicle to reach a specific conflict point is a function of the distance to the conflict point, 
the type of vehicle, and the level of acceleration the driver is willing to exert. From the basic 
motion equation [34], the acceleration of the vehicle is the outcome of the total force (difference 
between the tractive forces and the resistance forces), which is affected by the road surface 
condition (rolling coefficients and coefficient of roadway adhesion) and the specifications of the 
vehicle (dimensions, power of engine, mass, tractive weight, etc.), as illustrated in Figure 4. 

Vehicle Clearance Time (tL) 
After determining the time and distance to reach the conflict point; the speed of the vehicle can 
be estimated and by knowing the length of vehicle depending on its type (passenger vehicle, 
truck, etc.), the time needed to clear the vehicle length (tL) can be computed.  

Buffer of Safety (tS) 
The buffer of safety is defined as the time required by the driver in addition to the time required 
to traverse the conflict point in order to ensure that no conflict occurs with the opposing vehicle. 
Here we use the field data to generate the density distribution of ts using field observed accepted 
gaps, as illustrated in Figure 5(a) and the cumulative distribution function in Figure 5(b). The 
distribution of ts can be modeled using a normal distribution with mean (µ) equal to 3.679 s and a 
standard deviation (σ) equal to 1.645 s. However, such an approach ignores the correlation 
between with the other variables. In other words it is hypothesized that a driver who accelerates 
aggressively will most likely require a shorter buffer of safety and conversely a driver who does 
not accelerate aggressively would require a longer buffer of safety. Consequently, in computing 
the minimum buffer of safety required by a driver, the field data were used to establish a 
relationship between the travel time to the conflict point (tT) and the corresponding 5th percentile 
buffer of safety (tS) considering a bin size of 1 s for both dry and wet surface conditions, as 
demonstrated in Figure 5(c). It was assumed that the fifth percentile would represent a good 
estimate of the minimum buffer of safety. We used the 5th percentile as opposed to the minimum 
buffer of safety for two reasons: (1) to remove any potential outlier behavior and (2) to not have 
the buffer of safety more reflective of the overall driver population as opposed to the most 
aggressive driver. It is recommended that further analysis be done to investigate the impact of 
various buffer of safety values on the results. 
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(a) (b) 

 
(c) 

Figure 5: Buffer of safety distribution (ts) and its relation to travel time (tT)  

 
In the case of dry roadway surface conditions, a relationship between tT  and tS was 

established thus verifying the initial hypothesis. Consequently, the safety buffer was computed as 
the minimum of (a) a regression line with tT as the explanatory variable and (b) a minimum value 
that was set at 0.5 s (time to travel the car length of a light-duty vehicle) as  

( )Dry  max 1.99-0.40 ,  0.5S Tt t=                                                                                                         (4) 

Where the coefficient of determination R2=90.4% and σ =0.24 s. 
Alternatively, for wet roadway surface conditions, because of the weak relationship 

between the tS and the tT variables (R2<10%), the tS value was assumed to be independent of tT 
with a value equal to the mean of the 5th percentile tS where the mean fifth percentile tS for wet 
surface conditions is 2.29 s with a standard deviation (σ) of 0.87 s. The 5th percentile was used in 
order to ensure that outlier data are not utilized in the building the model given that the critical 
gap is the smallest gap a driver is willing to accept. 

Typical Vehicle Gap Acceptance Scenario 
For illustration purposes we considered a Honda Civic-EX-Sedan 2006 model as a typical 
vehicle. We did consider other vehicles and found that differences among light duty vehicles 
were minimal and thus the use of a generic vehicle suffices for this effort. It should be noted that 
in the case of heavy-duty trucks and buses significant differences are observed. The Honda Civic 
vehicle has an engine power of 140 Horse Power (hp). The analysis assumes that the vehicle 
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starts from a complete stop at the intersection stop line and travels on a good flat asphalt surface 
(grade 0%).  

The resistance force on the vehicle is computed as the sum of the aerodynamic, rolling, 
and grade resistance forces as expressed in Equation (5), where ρ is the density of air at sea level 
at a temperature of 15ºC (59ºF) (equal to 1.2256 kg/m3), CD is the drag coefficient (unitless); Ch 
is a correction factor for altitude (unitless); A is the vehicle frontal area (m2); and Cr, c2, and c3 
are rolling resistance parameters that vary as a function of the road surface type, road condition, 
and vehicle tire type. The typical values of vehicle coefficients are provided in the literature [35].  

( )2
2 3( ) ( ) 9.8066 ( ) 9.8066 ( )

25.92 1000
r

D h
C

R t C C Av t m c v t c mG tr= + + +  (5) 

The driveline propulsive force is computed as the minimum of the engine or torque 
converter propulsive force and the maximum frictional force that can be sustained between the 
vehicle’s wheels on the propulsive axle and the roadway surface as 

max( )
( ) min 3600 , 9.8066
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ê úë û

 (6) 

where ηd is the driveline efficiency; Pmax is the maximum propulsive power; v is the vehicle 
speed (km/h); mta is the mass on the propulsive axle (kg); and μ is the coefficient of roadway 
adhesion. Table 1 shows the specifications and the parameters for the proposed vehicle. 

By using the parameters of Table 1 and following the steps outlined in Figure 4, the time-
space diagram for the typical proposed vehicle is plotted as shown in Figure 6. From the 
geometry of the intersection and by assuming the trajectory of the left turn vehicle as an 
ellipsoidal curve, the distance to the first conflict point (P1) and the second conflict point (P2) 
can be estimated as 9 and 13 m respectively measured from the stop line of the left turn lane. 
Thus, the travel time values (tT) for each conflict point for both dry and wet cases is computed 
and also the time needed to clear the length of vehicle the conflict point (tL). By knowing the 
travel time values, the buffer of safety value needed by the driver is computed using Equation (4) 
for dry condition or the mean value for wet condition. Based on these values the critical gap size 
(tc) for both scenarios (dry & wet) is determined from Equation (3). 
 

Table 1: Parameters of the Typical Case Study Vehicle 
Parameter Value 

Power of engine (P) 140 Hp 
Transmission Efficiency (η) 0.95 
Vehicle Mass (m) 1180 Kg 
Mass on Tractive Axle (mta) 708 Kg 

Roadway Adhesion (µ) Dry = 1 
Wet= 0.8 

Air Density (ρ) 1.2256 Kg/m3 
Air Drag Coefficient (CD) 0.3 
Altitude Factor (Ch) 1 
Frontal Area (A) 2.14 m2 

Rolling Coefficient 
Cr = 1.25 
c2 = 0.0328 
c3 = 4.575 
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Table 2 demonstrates the different values of tT, tL, tS  and tc for the case study vehicle. 
Depending on the roadway surface condition (wet or dry), the driver can accept/reject the offered 
gap size by comparing to the corresponding critical gap value (tc). 

 
Figure 6: The time-space diagram of the typical case study vehicle 

 
Table 2: The Mean Parameters Values for Test Vehicle 

Time (s) Conflict 
point Dry Wet 

Travel time (tT) P1 2.3 2.6 
P2 2.8 3.1 

Clear Vehicle time (tL) P1 0.6 0.7 
P2 0.5 0.6 

Buffer of Safety time (tS) 
P1 1.0 2.3 
P2 0.8 2.3 

Critical Gap time (tc)  
P1 3.9 5.5 
P2 4.1 5.9 

 
It should be mentioned that by changing the vehicle engine power (i.e. by choosing 

another vehicle model or type), the travel time values will be affected minimally (the same for 
the buffer of safety value). This is because the dominant factor in computing the tractive force 
for low vehicle speeds and short distances (as is the case here) is the mass of the vehicle on the 
tractive axle (kg) and the coefficient of roadway adhesion (also known as the coefficient of 
friction). In the case of heavy-duty trucks and buses, however, considerable differences will be 
observed. The effect of these vehicles on gap acceptance behavior is an area of research that 
requires further investigation. 

With the introduction of vehicle-to-infrastructure (V2I) communication it may be 
possible for the traffic signal controller to receive information on the vehicle make, mass, 
number of passengers. This information can then be used to provide customized critical gaps that 
are vehicle, roadway, and weather specific. The proposed modeling framework allows for 
incorporating new advanced in-vehicle technologies to assist drivers with gap acceptance 
decisions  (i.e. accept or reject a gap). 
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AGENT-BASED MODEL VALIDATION 
In comparing the two proposed models (traditional model and proposed model), the Success Rate 
factor (SR) is used as a criteria of comparison to show the superiority of a model on the other. 
The SR is defined as the percentage of observations with acceptance/rejection outcomes that are 
identical to data field responses. The model with the largest SR is a better model. In computing 
the SR for the Statistical model, the probability of accepting a gap was computed for each of the 
observations using the explanatory variables and rounding the response to 0 or 1 (it is rounded to 
0 if the resulted probability is below 50% and rounded to 1 if it is equal or above 50%) and 
compared to the field observed response binary choice. Regarding the agent-based model, the SR 
is computed by comparing the acceptance/rejection decision to the observed decision based on 
the offered gap size and the corresponding critical gap value. 

For model validation, the proposed approach is applied to two different datasets. The first 
dataset is for the Christiansburg intersection (shown in Figure 1) and the second dataset is taken 
from a published paper for Yan and Radwan in 2008 [28]. In their study Yan and Radwan 
investigated the influence of driver sight distance on left turn gap acceptance behavior. Yan and 
Radwan [28] used as a case study the intersection of Rouse Lake Rd. and E. Colonial Drive 
located in Orange County in Orlando, Florida. This intersection has four level approaches at a 
90o angle and a protected/permitted left turn signal phase for the major road, as shown in Figure 
7. The second dataset consisted of a total of 1,485 gap decisions from a total of 323 left turning 
movements recorded in dry conditions. The average waiting time of 7.6 s is assumed in this case 
given that the wait time was not included in the dataset. The results of the SR values for the two 
datasets are summarized in Table 3. 

 

 
Figure 7: The intersection of Rouse Lk. Rd and E.Colonial Dr, Orlando, Florida (source 

[28]) 
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Table 3: Model Success Rates for Accepted and Rejected Gaps 

 
Measurements 

Christiansburg Intersection  
(1st dataset) 

Orlando Intersection  
(2nd  dataset) 

Statistical  
Model 

Agent-based  
Model 

Statistical  
Model 

Agent-based  
Model 

SR1 
(% success for estimating observed 

accepted gaps) 
64% 94% 49% 94% 

SR2 
(% success for estimating observed 

rejected gaps) 
98% 88% 98% 88% 

SR3 
(% success for  estimating all 

observed gaps) 
95% 89% 87% 90% 

 
As demonstrated in Table 3, the SR1 value for the agent-based model is greater than the 

statistical model for both datasets. For the SR3 value (weighted mean of accepted and rejected 
gaps), the statistical model is better in the first dataset but the agent-based model is better in the 
second dataset which demonstrates the key strength of the proposed agent-based model and that 
is its transferability to other locations. Although, the statistical model seems better in some 
aspects, the agent-based model is recommended because it provides a good balance between 
accepted and rejected gap success rates, which are around the 90%. The errors produced by the 
model were typically related to drivers not accepting a valid gap either because they were 
distracted or because they were unable to judge the size of the gap adequately. 

SUMMARY AND CONCLUSIONS  
Agent-based modeling is evolving as a promising approach for modeling complex systems 
composed of interacting, autonomous units (i.e. agents). Agents have behaviors, often described 
by simple rules, and interactions with other agents, which in turn influence their behaviors. There 
are a growing number of agent-based applications in a variety of fields and disciplines including 
the transportation field that have been reported in the literature. The paper presents a novel 
application of an agent-based modeling framework for modeling driver gap acceptance behavior. 
The research presents a “Reactive-Driving” agent-based algorithm for modeling gap acceptance 
driving behavior. The proposed reactive-driving agent is developed using 301 field observed 
accepted gaps collected from a signalized intersection with a permissive left turn movement. The 
use of accepted gaps was required because we can only estimate the travel time and buffer of 
safety if they accept the gap. The proposed model is considered as a mix between traditional and 
reactive methods for decision making.  

The model uses sensing information together with vehicle and driver characteristics to 
estimate a driver-specific critical gap. Thereafter, the agent can decide either to accept or reject 
the offered gap by comparing it to a driver-specific critical gap. If the offered gap is greater than 
the driver-specific critical gap the gap is accepted otherwise it is rejected.  

A vehicle dynamics model is then used to estimate the travel time required to reach the 
conflict point, the time needed to clear the length of the vehicle and an additional time used by 
the driver as a buffer of safety. The reactive-driving agent model could be considered as a driver-
vehicle interaction model that models differences between drivers by considering the vehicle 
capability and the driver-specific buffer of safety time. Consequently, an aggressive driver will 
accelerate faster and require a smaller buffer of safety when compared to the average driver. The 
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study after that compares the validation of the proposed agent-based model results to the 
statistical model using the success rates (SR) criteria on two different datasets, and it is found 
that the agent-based model is more consistent in its SR values (around 90%) and it is better than 
the statistical model. A key advantage of the proposed modeling approach is that it is easily 
transferable and does not require extensive calibration to local conditions. State-of-the-practice 
statistical models are less transferrable given that they do not capture the underlying phenomena 
associated with gap acceptance behavior. 

One of the applications of the proposed modeling approach is to capture inclement 
weather impact on gap acceptance behavior using the cooperation of the agent system with 
different control agencies. This storage device in the agent-based model algorithm is responsible 
for collecting all the information related to previous gap acceptance behavior for the same driver. 
The database information contains the driver decision (accept or reject) and all the corresponding 
parameters including the vehicle characteristics, intersection properties, travel time needed and 
corresponding weather condition. In addition, the agent inside the vehicle will receive weather 
information from a station agency, in order to relate the impact of weather to gap acceptance 
behavior. All these information are used to build the driver decision making pattern for different 
gap acceptance scenarios using a supervised machine learning process that is used to develop a 
driver decision support system. The system provides the driver with appropriate guidance for gap 
acceptance/rejection for intersection crash prevention. It is anticipated that this research will 
contribute in the future of intelligent transportation systems (ITSs), connected vehicle technology 
systems, and vehicle to infrastructure communications. 

As with any study further research can be conducted in a number of areas. First, given the 
modeling framework it would be interesting to extend the model to include heavy-duty trucks 
and buses. Second, the modeling framework should be tested at other locations for different 
maneuvers. 
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ABSTRACT 
The paper develops a heuristic optimization algorithm for automated vehicles (equipped with 
cooperative adaptive cruise control CACC systems) at uncontrolled intersections using a game 
theory framework. The proposed system models the automated vehicles as reactive agents 
interacting and collaborating with the intersection controller (manager agent) to minimize the 
total delay. The system is evaluated using a case study considering two different intersection 
control scenarios: a four-way stop control and the proposed intersection controller framework. In 
both scenarios, four automated vehicles (a single vehicle per approach) were simulated using a 
Monte Carlo simulation that was repeated 1000 times. The results show that the proposed system 
reduces the total delay relative to a traditional stop control by 35 seconds on average, which 
corresponds to an approximately 70 percent reduction in the total delay. 

INTRODUCTION 
Every year in the United States, about six million traffic accidents occur on US roads where 
more than 90 percent of these accidents are a result of human distraction and/or misjudgment [1]. 
Consequently, the idea of an automated driving environment has been studied for decades to 
reduce the number of crashes and enhance the transportation system mobility.  

In one of the early automation trials, the USDOT established the Automated Highway 
System (AHS) program for the purpose of increasing the efficiency (reducing delay and 
enhancing safety) of traffic networks using automated vehicle control [2]. Although the AHS 
program was not able to continue, it is considered the basis of many driver assistant systems in 
the market today. 

After the development and deployment of the USDOT Connected Vehicle initiative [3], 
the enhancement of the current driver assistance systems has become an expected step towards 
achieving better mobility and safety. Accordingly, the concept of Cooperative Adaptive Cruise 
Control (CACC) systems has been introduced as an advanced generation for the traditional 
cruise control. In the CACC system, vehicles have the ability to sense and communicate with 
other vehicles through vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) 
communication. After fusing all data sources, vehicles make decisions with regards to 
acceleration, deceleration, or maintaining their current speed. The basic idea of the system is to 
assist the driver by controlling the speed of the vehicle; however it leaves the maneuver 
responsibility to the driver.  

It is anticipated in the future that many (or most) of the vehicles will be fully automated; 
thus the movements of these vehicles should be optimized. The new CACC concept is 
introduced to highways, sometimes in dedicated lanes, to reduce the gaps between vehicles using 
communication technology. However, a few research efforts have considered the use of CACC 
at intersections in order to enhance vehicle movement, reduce delay, and reduce fuel 
consumption levels.  

LITERATURE REVIEW 
Very limited research efforts have studied the impact of advanced cruise control systems on 
intersection operations in comparison to the wealth of literature dedicated to highway operations. 
Most of the studies directly related on CACC at intersections have focused on fuel consumption 
and emissions impacts (e.g. [4]). There are a few research efforts focused on the impact of 
optimal speed advisory for drivers comparing to the design of the signal timing of the traffic 
signals [5, 6]. 
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Regarding research efforts directly related to CACC applications, Malakorn and Park 
(2010) evaluated the performance of intelligent traffic signal control systems integrated with 
CACC systems to traditional intersection control [7]. The goal of this system was to reduce the 
environmental impacts of vehicles in the vicinity of intersections by minimizing vehicle 
acceleration levels. The procedure estimates vehicle emissions using the VT-Micro-model [8]. 
Under the connected vehicles (CV) environment, Lee and Park [9] created a Cooperative Vehicle 
Intersection Control (CVIC) system that enables cooperation between vehicles and infrastructure 
for effective intersection operations and management.  

In general, the literature related to CACC is limited; especially the studies of CACC 
capabilities at intersections. The CACC controller can better foresee problems, enabling the 
vehicle to be safer and faster in response to various stimuli. However, extensively exploring the 
CACC impact on delay and how it could be used as a tool for optimizing the movements of 
vehicles at intersections is limited to only a few researchers. It could be stated that none of the 
previous approaches used an explicit optimization algorithm for reducing delay (minimizing 
travel time) and in some cases it was simply expressed as functions of acceleration/deceleration 
levels. 

STUDY OBJECTIVE AND PAPER LAYOUT 
The purpose of this study is to develop a heuristic optimization algorithm for controlling vehicle 
movements of vehicles equipped with CACC systems at uncontrolled intersections using "Game 
Theory Decision" field theory. The vehicles are modeled as agents interacting with the 
intersection controller (manager agent) and obeying the optimum decision made by the 
intersection controller. In other words, the vehicles collaborate in a form of a "Cooperative 
Game" with the controller installed at the intersection. The main principle of this research is to 
employ the communication technologies with advanced vehicle capabilities to replace the usual 
state-of-the-practice control systems at intersections (e.g. stop sign, yield signs, etc.). 

In terms of the paper layout, initially a description of the proposed multi-agent system is 
presented. Subsequently, the built-in simulation process using game theory is presented and the 
testing of the optimization algorithm is then discussed. Finally, the conclusions of the paper and 
future research directions are discussed. 

PROPOSED MULTI-AGENT MODELING LAYOUT 
The capabilities of an intelligent agent make it possible to control various types of vehicles with 
different driving behavior. For the case of automated vehicles, agent-based modeling is 
considered the most appropriate approach as was suggested in several literature sources [10, 11]. 
Here we propose the use of agent-based modeling of CACC-equipped vehicles as the agents 
have two main features: (1) they are at least to some extent capable of autonomous actions or 
decisions and (2) they are capable of interacting with other agents through cooperation, 
coordination and negotiation [12].  

The proposed multi-agent system (MAS) consists of two types of agents: reactive agents 
(vehicles equipped by CACC) and a manager agent (intersection controller). The main idea of 
the proposed system is that the manager agent communicates with the reactive agents in the 
intersection study zone (ISZ) and determines the optimum movements for each reactive agent 
based on a "Game Theory Decision Framework". The ISZ is the zone area around the 
intersection where the reactive agents begin to exchange information with the manager agent. 
The ISZ in this research 200 m upstream of the intersection to ensure that vehicles have 
sufficient time to receive and respond to the information received.  
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The proposed layout for the MAS assumes that all agents in the ISZ are interacting, 
communicating and exchanging information for the common benefit using some form of 
communication (e.g. Dedicated Short Range Communication (DSRC)). The global benefit is 
defined as reducing the total delay while ensuring no vehicle collisions occur. The reason for 
modeling the collaboration between agents is to overcome any selfish behavior by any vehicle or 
in other words to seek the global benefit for all vehicles in the ISZ. Therefore, the main task for 
the manager agent is to determine the optimum speed for each reactive agent at each time step by 
processing the input data through a real-time simulation. The MAS layout consists of three main 
components for controlling the movements of reactive agents in the ISZ: Input, Data processing 
and Output. 

The input data for the manager agent consists of: intersection characteristics, weather 
station input and reactive agent input. The intersection characteristics contain the speed limit of 
the intersection and number of lanes of each approach. The weather station provides the 
instantaneous weather condition to take into account the roadway surface condition (dry or wet) 
in simulating the reactive agent movements. At each time step, all reactive agents in the ISZ 
report their physical characteristics, current speed, location and acceleration to the manager 
agent. All input information is received by the manager agent then processed and optimized 
using a game theory decision process. For the purpose of this research, a simulation tool was 
developed using Matlab. Figure 1 illustrates the layout of the proposed CACC multi-agent 
system. 
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PROPOSED REAL-TIME SIMULATION FOR CACC-EQUIPPED VEHICLES 
This section describes the state-of-art simulation test bed that was developed to model the 
intersection controller. The research presented here is considered a first step in developing a fully 
automated intersection vehicle controller. In general, the simulation algorithm computes the 
optimum location, speed and acceleration of vehicles to ensure that no conflicts occur while at 
the same time minimizing the total intersection delay each time step (e.g. 0.5 sec). The total 
delay is defined by the summation of the delay experienced by each vehicle at each time step.  

The proposed software is considered as a novel tool for optimizing the movement of 
automated vehicles at intersections; however, it has some limitations and assumptions. First, we 
assume a market penetration of 100% of CACC-equipped vehicles. Second, all drivers/vehicles 
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in the ISZ are assumed to follow the recommendations made by the intersection controller to 
achieve the global profit. Last, only one speed profile, i.e. one vehicle (the most critical one), is 
adjusted (optimized) each time step. 

It should be mentioned that the vehicle dynamics (acceleration and deceleration) models 
are part of the simulation software. The dynamics models take into account the tractive and 
resistance forces (referred to the literature [13]) acting on vehicles at each time step. 
Consequently, the simulation process reflects the physical characteristics (power of engine, mass, 
etc.) and the weather condition (wet or dry) affecting the movements of vehicles. 

At each time step of simulation, the existing vehicles in the ISZ are determined and 
thereafter the built-in simulation uses a heuristic optimization process divided into two main 
stages. The stages are: 1) calculate the Conflict Zone Occupancy Time (CZOT) for each conflict 
area, 2) conduct a Game Theory Optimization, as will be explained in more detail in the 
following sub-sections. 

Calculate the Conflict Zone Occupancy Time in Conflict Areas 
A conflict point in the intersection is a point that can be occupied by two different crossing 
vehicles during the same time interval. We introduce the term Conflict Zone Occupancy Time 
(CZOT) in the optimization process. The CZOT is the time interval where the two intersecting 
vehicles will be occupying the same conflict area. The simulation software uses the input 
information to simulate the trajectory of the vehicles; therefore estimates the time needed to enter 
and leave the conflict zone. The simulation software assumes that all vehicles will accelerate to 
the maximum speed (if their speed is less than the maximum) as an “initial decision” to reduce 
the total travel time for each vehicle. If the estimated CZOT value is positive (>0), it is an 
indication that by accepting the initial decision for both intersecting vehicles, a collision would 
occur. Alternatively, if CZOT is equal to zero (or less) that means the intersecting vehicles will 
not be conflicting with each other and it is safe to accept the initial decision. 

For illustrating purposes, for a four-legged intersection we would have four conflict 
zones (assuming on through traffic on each approach), as shown in Figure 2 (a). Consequently, 
the CZOT value for each conflict area, CZOT1, CZOT2, CZOT3 and CZOT4 can be computed. 
Thereafter, the CZOT plot is drawn as shown in Figure 2 (b) where each rectangle illustrates the 
conflict occupancy time for each vehicle. In the example, we can observe that CZOT1, CZOT2 
and CZOT4 have positive values (i.e. there is a common time interval between the two 
intersecting vehicles). Consequently, we need to adjust the vehicle trajectories in order to avoid a 
collision with the intersecting vehicles. On the other hand, the CZOT3 value is equal to zero as 
the two intersecting vehicles occupy the conflict zone at different time intervals.  

As mentioned before, the built-in simulation selects only one vehicle to modify its 
trajectory each time step (i.e. 0.5 second). Therefore the next step is to select the appropriate 
vehicle to adjust its trajectory.  

Game Theory Optimization Process 
Various models that incorporate concepts from Game Theory are described in many 
transportation related literature [14-17]. Interaction and collaboration are essential aspects in the 
dynamic multi-agent systems (MASs); consequently, game theory provides powerful tools for 
analyzing those types of transport systems.  

A game of strategy is defined as the game where each player is trying to choose the best 
strategy to maximize the total benefit [18]. In cooperative games (one of the types of the strategy 
games), the pay-off (benefit) for each potential group can be obtained by the coalitional of its 
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members (or players). The challenge of the cooperative game is to allocate the pay-off (benefit) 
among the players in some fairway. Consequently, collaborating with all CACC-equipped 
vehicles together with the intersection controller, using communication technology, could be 
formulated in a cooperative game framework. Defining a game requires identification of the 
players, their choices (strategies) and their objectives as will be described in the following 
section.  

 
(a) 

 
(b) 

Figure 9: Conflict Zone Occupancy Time (CZOT) output example 
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ELEMENTS OF THE GAME (DESCRIBING A GAME) 
Game theory provides a framework for modeling interactions between groups of decision-
makers when individual actions jointly determine the outcome [18]. The proposed cooperative 
game framework in this research is entitled: CACC-CG (Cooperative Adaptive Cruise Control - 
Cooperative Game). The CACC-CG represents the decision process of the built-in simulation 
software to optimize the movement of automated vehicles at intersections. The proposed CACC-
CG is considered a decision process that is repeated at each time step of the simulation. The 
CACC-CG cooperative game consists of the following elements: players (s), actions (A), 
information (I), strategies (S), pay-offs (U), outcomes (O) and equilibrium (π).  

Each player’s goal is to choice the best action in order to maximize his/her utility. The 
players in the CACC-CG are the manager agent and all reactive agents at each time step. Actions 
are the choices that each player can make. For the manager agent, the action is to select one 
reactive agent for optimizing its movement each time step while other vehicles maintain their 
current state until the next time step. Reactive agents have three possible actions: decelerate, 
accelerate or maintain their current speed. It is assumed the information set is available for all 
players during the game decision process. In other words, the information is symmetric and 
certain for all players using communication technology (DSRC). 

The player’s strategy is simply the set of actions that could provide the maximum profit. 
In other words, the action set includes all actions that minimize the total delay and ensure safe 
maneuvers for all agents at the intersection. 

Furthermore, Pay-off is the expected benefit or utility that the player will receive after all 
players took their decisions and the game has been played. In the CACC-CG, the pay-off is 
determined based on the actions of the players and it is proposed to be formulated as a Utility 
function. It is assumed in this framework that the optimum decision taken by the players would 
be the action set that lead to the minimum utility function (conflict zone and delay 
minimization). Consequently, the players follow the maximin principle. The value of utility 
function depends on the distance remaining to the intersection relatively to the needed stopping 
sight distance for each vehicle. Generally, the utility value is considered as the summation of the 
total CZOT values and the total delay due to the actions of manager agent (i) and any selected 
reactive agent (j). However, if the distance remaining for a vehicle to the intersection is less than 
minimum stopping sight distance, its utility value is set to be an infinity value. In other words, if 
a vehicle does not have the option other than decelerating to complete stop, this vehicle will not 
be a part of the optimization process as presented in Equation (1). 
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                                                               (7) 

Where, i is the action taken by the manager agent; j is the action taken by the reactive 
agent; Ui,j is the utility value corresponding to the action set (i, j), P is the total number of 
conflict points; CZOTi,j is the conflict zone occupancy time value (explained previously) 
corresponding to the action set (i, j); Xj is the current distance to the intersection for vehicle j; 
SSDj is the minimum stopping sight distance to the intersection for vehicle j; N is the total 
number of reactive agents (vehicles) existed in the current time step; and Di,j is the delay value 
for each reactive agent also corresponding to the action set (i, j).   

29 
 



  

Outcome is a set of resulted elements after the game is played out. Consequently, the 
outcome of the proposed game is simply: vehicle trajectories (acceleration, deceleration or 
constant speed) for a chosen vehicle that would lead to the least utility function. 

For the equilibrium, once the players have settled on strategies that satisfy all them, this 
condition is called the Nash equilibrium (named after John Forbes Nash) [18]. Some literature 
defines simply the equilibrium as the best decision by the player given that the other players 
already made their decision[18].  

In the general case, the proposed game CACC-CG consists of a sequence of turns that 
need not be all the same; therefore it could be taken as the type of "Extensive Form" games. This 
kind of games is best represented by a game tree. A game tree is a connected graph which 
contains no circuit. The game tree form of the CACC-CG is presented in Figure 3(a). One way to 
solve an extensive game is to convert it to a normal-form game. The normal form is a matrix, 
each column is defined by a strategy for player 1 and each row of which is labeled with a 
strategy for player 2 as shown in Figure 3(b).  

 

 
(a) 

 
(b) 

Figure 10: The extensive form (game tree & normal-form) for the CACC-CG proposed 
game 
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In summary, the game is simply to form a pay-off table –as Figure 3(b)- for the 
intersection controller (manager agent) and the vehicles (reactive agents)in the ISZ at each time 
step. The pay-off table shows the utility matrix of each action combination between the manager 
agent and each reactive agent. Consequently, by choosing the minimum utility value the best 
choice for all players would be decided: “the maximin principle”. In other words, the equilibrium 
status could be achieved at each time step by selecting the best action combination between 
players in the proposed cooperative game CACC-CG. Consequently, the outcome of the 
optimization process that would be an optimum decision (accelerate, decelerate or constant 
speed) for a selected vehicle and accordingly the vehicle would follow the optimum decision. 
The process of the proposed optimization framework is heuristically repeated at each time step 
till the end of simulation. 

SYSTEM TESTING 
In order to test the proposed system, two different intersection control scenarios for a case study 
intersection are considered. The first scenario uses a four-way stop control system while the 
second scenario applies the proposed game theory intersection manager. The case study 
intersection consists of four single lane approaches, as in Figure 2 (a). Standard lane widths of 
3.5 meters are considered with approach speed limits of 35 mph. For illustration purposes, we 
modeled a Toyota Prius 2010 model with an engine power of 134 Horse Power (Hp). This 
vehicle is similar to the tested vehicle in the Google Driverless experiment [19]. The study 
considered a single vehicle arrival on each approach considering the proposed intersection 
manager and an all-way stop controlled intersection. For both scenarios, the entrance time, 
speed, and acceleration of each vehicle were randomly generated. The system was then modeled 
considering a time step (∆t) of 0.5 s. The total delay was computed for each run considering the 
two intersection control scenarios. The total delay was computed for all four automated vehicles. 
This procedure was repeated 1000 times using a Monte Carlo simulation and the total delay time 
was recorded for each simulation. Figure 4 shows the total delay variation for the 1000 
simulations for both intersection control strategies. 

The results demonstrate that the proposed framework is giving less total delay time 
comparing to the stop sign control scenario. The average total delay time for the proposed 
scenario is approximately 19 seconds and for the stop sign control is 54 seconds. Thus, for the 
case of only four crossing vehicles, the proposed system reduces the total delay more than the 
traditional stop control by 35 seconds on average and obviously the total delay reduction would 
enlarge by having more vehicles crossing the intersection. 
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Figure 11: Total Delay comparison between Stop Sign control and proposed optimization 

control using game theory 

CONCLUSIONS AND FUTURE WORK 
The research presented in this paper developed an innovative algorithm for optimizing the 
movement of vehicles at intersections within a CACC framework. The proposed framework uses 
game theory to ensure that no crashes occur while minimizing the intersection delay. The 
proposed framework assumes communication between vehicles and the intersection 
infrastructure to control the movements of the reactive agents approaching the intersection study 
zone (ISZ). A real-time simulation tool is developed that would be loaded onto an intersection 
controller to control the vehicle movements. The simulation determines the vehicles currently in 
the ISZ and then estimates their trajectories based on their current state. Thereafter, the 
optimization process begins by forming a pay-off table for what would be the output in case of 
any action taken by the controller or the vehicles. Consequently, the intersection controller 
would advice the vehicle (using communication) to the best action. This process is repeated 
heuristically at each time step for the duration of the simulation (i.e. all vehicles traverse the 
intersection). The proposed work serves as an initial step towards the development of agent-
based CACC intersection control systems. The research results demonstrate the promising 
potential benefits of such a system over conventional state-of-the-practice intersection control 
systems. Further testing of the proposed system is recommended for typical intersection 
configurations under realistic traffic demand levels relative to alternative state-of-the-practice 
intersection control systems. 
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ABSTRACT 
Recently several artificial intelligence labs have suggested the use of fully equipped vehicles 
with the capability of sensing the surrounding environment to enhance roadway safety. As a 
result, it is anticipated in the future that many vehicles will be autonomous and thus there is a 
need to optimize the movement of these vehicles. This paper presents a new tool for optimizing 
the movements of autonomous vehicles through intersections: iCACC. The main concept of the 
proposed tool is to control vehicle trajectories using Cooperative Adaptive Cruise Control 
(CACC) systems to avoid collisions and minimize intersection delay. Simulations were executed 
to compare conventional signal control with iCACC considering two measures of effectiveness - 
delay and fuel consumption. Savings in delay and fuel consumption in the range of 91 and 82 
percent relative to conventional signal control were demonstrated, respectively. 

INTRODUCTION 
Every year, about six million traffic accidents occur on US Roads [1]. While different factors 
contribute to vehicle crashes, driver error is considered the leading cause of more than 90 percent 
of all accidents, prominently distraction and/or misjudgment [1]. Consequently, the idea of an 
automated driving environment has been studied for decades to reduce the number of crashes and 
enhance mobility. Collision avoidance systems, lane-departure warning systems, automated 
parking systems etc. are examples of innovations focusing on vehicle automation [2], [3]. 
Adaptive cruise control (ACC) systems have the ability to decelerate and accelerate based on the 
lead-vehicle speed and system set-speed [4]. Since the initialization of research based on Vehicle 
Infrastructure Integration and the newer Connected Vehicles Research, communication systems 
promise Vehicle-to-Infrastructure (V2I) and Vehicle-to-Vehicle (V2V) information transfer are 
being developed using Dedicated Short-Range Communication (DSRC) and other wireless 
technologies [5]. 

These advancements lay the foundation for this research in which vehicles that assume 
autonomous driving (or enforced driving agents) use Cooperative Adaptive Cruise Control 
(CACC) to pass through an intersection devoid of signal controllers or stop/yield signs. iCACC 
stands for Intersection Management using Cooperative Adaptive Cruise Control and aims at 
optimizing vehicles' speed profiles to minimize delay and prevent crashes. The system is 
analyzed for two basic measures of effectiveness - average delay per vehicle and average fuel 
consumed by a vehicle to pass the intersection. Optimizing speed profiles at intersections may 
have an inherent advantage of reducing the fuel consumption [6]. Preliminary simulation 
analysis shows promising results with over 91 percent reduction in average delay and 82 percent 
savings in fuel consumption in the vicinity of an intersection for varying levels of volume-
capacity ratios. 

As far as the paper layout is concerned, a detailed description of the optimization 
algorithm and assumptions made are given, followed by a brief section on the preliminary 
simulation analysis and results drawn. This is followed by a section on findings and conclusions 
that can be derived as well as the future direction of this research.  
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OPTIMIZATION ALGORITHM 
The main objective of the iCACC tool is to optimize the movements of vehicles equipped by 
CACC through the intersection to reduce the total delay and prevent crashes. The required inputs 
for the system are: 1) the physical characteristics of all vehicles, 2) entry speed and acceleration 
of all vehicles, 3) the weather condition (dry or wet) and 4) the intersection characteristics 
(number of lanes, lane width, etc.). Ideal case is assumed that vehicles pass through the 
intersection at speed limit. For the optimization purpose, three zones are assumed to fall in the 
vehicle trajectory that forms the Intersection Zone (IZ): Zone 1, Zone 2 and Intersection Box 
(IB), as shown in Figure 1.  

In Zone 1, each vehicle accelerates to maximum speed then maintains that speed until the 
end of the designated length for this zone (50 meters in this paper). As a result, the end of Zone 1 
is considered as the first fixed speed point in the speed profile of any vehicle in the iCACC-
optimized profile where all vehicles should be running at maximum speed. This fixed speed 
point is called Anchor Point.  In the absence of conflicting vehicles, a vehicle could cross Zone 2 
and the intersection box (IB) at the maximum speed. However, to facilitate the optimization 
process in the presence of conflicting vehicles, it is assumed that all speed variation (deceleration 
or acceleration) occur in Zone 2 (of length 100 meters in this paper).  At the end of Zone 2 all 
vehicles should be running at maximum speed until crossing the intersection as explained in 
Figure 1. This second anchor point is similar to the intersection stop line.  

It is assumed that all vehicles will be crossing the intersection box at maximum speed; as 
a result, the only optimized variable is the arrival time at the intersection stop-bar. In other 
words, the iCACC system manages the speed profile of each vehicle at Zone 2 making sure that 
all vehicles could be running at maximum speed without stopping and certainly without 
conflicting with other vehicles. Figure 2 shows the 16 conflict points in a 4-legged, 3-lane 
intersection. Ideally, if the vehicle does not decelerate and/or stop in Zone II, it will arrive at the 
stop line at the shortest time possible (i.e. Optimum Time "OT"). However, to avoid conflicting 
with other intersecting vehicles, each vehicle tends to decelerate and sometimes completely stop 
in the traditional intersection control (signal, stop sign, etc.) and it will arrive at the stop line at a 
later time (Actual Time "AT"). By minimizing the time difference between AT and OT for all 
vehicles iCACC system ensures its objective -minimization of the total delay.  
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Figure 1: The different zones of the optimization process in the iCACC tool 

 
Consequently, the decision of arrival time for each vehicle is made using an optimization 

module. For managing the movements of vehicles ideally, at each time step (i.e. optimization 
loop), an optimization module is used to optimize the time of arrival of each vehicle at the 
intersection stop-line. The main objective of the optimization problem is to minimize the 
additional time (D) to the OT, needed to avoid conflicts with crossing vehicles. This optimization 
problem is explained by the following equations: 
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where, 
i,j,f,p = Vehicle identification number; 
Di = The time difference between the optimum time (OT) and the actual time (AT) for vehicle i 
and ideally it will be equal to zero if there is no speed alteration in Zone 2; 
OTi = The optimum arrival time for vehicle i at the stop line. OTi is estimated assuming that each 
vehicle will accelerate to maximum speed in Zone 1 continues this speed until the stop line; 
Ω0 = the set of vehicles that entered into the system during the last time step but are still in the 
system at the current time step; 
Ω1 = The set of vehicles that enter the system at the current step; 
Ω = The set of vehicles in the system at the current time step (Ω= Ω0+ Ω1); 
m,n = Lane identification number; 
Ψ = The set of lanes at the intersection; 
lim = 1 if vehicle i enters into IB from lane m and 0 otherwise, with ∑

Ψ∈m
iml =1; 

cmn = 1 if vehicle i from lane m has conflict point with vehicles from lane n and 0 otherwise, with
∑

Ψ∈nm
mnc

,
=1; 

τmn = Travel time from the stop-line of lane m entering into IB to the conflict point of lane n; 
giving the distance to each conflict point based on the intersection geometry. It is assumed that 
all vehicles will be running at maximum speed in the IB, thus, τmn is fixed for all vehicles from 
the same lane m to same conflict point mn (to facilitate the optimization process). 
Δτ = Time interval of a vehicle occupying the conflict point, in other words, safety time between 
two consecutive vehicles at the same conflict point. To simplify the model formulation and 
calculation, we suppose that Δτ values are same for all vehicles. 
Hmin = The minimum headway between vehicles in the same lane. 

 

 

Figure 2: A typical intersection plan 
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function, four constraints have been listed. Equation 2 ensures that FCFS (first come first serve) 
rule is used for vehicles in the same lane. In other words, the arrival of each following vehicle 
should be after the leading vehicle by a determined value (minimum headway Hmin). Equation 3 
ensures that a vehicle cannot conflict with another vehicle in IB, by making sure that the arrival 
of two intersecting vehicles at the same conflict point is separated by minimum safe time (Δτ). At 
each time step (optimization loop), vehicles in the system are divided into two groups, namely, 
vehicles entered in last time step but still in the IZ (Ω0 group) and vehicles just entered in the 
current step (Ω1 group). For the set of vehicles Ω0, their times entering to IB are optimized in last 
step, and each vehicle’s profile has been determined/optimized. Re-optimization of times 
entering into IB for these vehicles can decrease calculation efficiency and increase fuel 
consumption caused by adjusting movements of vehicles frequently. Hence, only the set of 
vehicles Ω1 are optimized at each time step. At each time step, the occupied time for each 
conflict point is stored as a new constraint for the following time step (optimization loop). This is 
the Equation 3. Last constraint is the non-negativity condition for the additional time (Di), in 
other words, the additional time should be zero (no delay) or greater. At the end, the additional 
time needed for each vehicle to cross the intersection box safely and efficiently is converted into 
deceleration and acceleration acts in Zone 2.  

The iCACC uses few state-of-the-art models for its optimization and comparison 
purposes. A vehicle dynamics model is used for predicting the speed profiles of vehicles after the 
optimization of the arrival times at the stop-line [7]. In order to compare fuel savings for the 
system, the vehicle trajectory data is used in conjunction with a fuel consumption model. 
Virginia Tech Comprehensive Power-based Fuel Model (VT-CPFM) is used for this purpose [8].  

Vehicle Dynamics Model 
This is used to model the acceleration maneuver. In doing so, the vehicle speed is computed 

from the resultant forces acting on the vehicle. These forces include the tractive force given by 
Equation 6 and various vehicle resistive forces given in Equation 7. 
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where fp is the driver throttle input [0,1] (unitless); β is the gear reduction factor 

(unitless); ηd is the driveline efficiency (unitless); P is the vehicle power (kW); mta is the mass of 
the vehicle on the tractive axle (kg); v is the vehicle speed (km/h); g is the gravitational 
acceleration (9.8067 m/s2); μ is the coefficient of road adhesion or the coefficient of friction 
(unitless); ρ is the air density at sea level and a temperature of 15◦C (1.2256 kg/m3); Cd is the 
vehicle drag coefficient (unitless), typically 0.30; Ch is the altitude correction factor (unitless); Af 
is the vehicle frontal area (m2); cr0 is rolling resistance constant (unitless); cr1 is the rolling 
resistance constant (h/km); cr2 is the rolling resistance constant (unitless); m is the total vehicle 
mass (kg); and G is the roadway grade at instant t (unitless). 

The vehicle acceleration is calculated as a ratio of the difference between the tractive 
force and resistive forces and the vehicle mass (i.e., a = (F-R)/m). The vehicle speed at (t + △t) is 
then computed by solving the differential equation using a first-order Euler approximation as 
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VT-CPFM Model 
This paper uses the Virginia Tech Comprehensive Power-based Fuel Model (VT-CPFM-1) due 
to its simplicity, accuracy, and ease of calibration. The fuel consumption model utilizes 
instantaneous power as an input variable and can be calibrated using publicly available fuel 
economy data (i.e., EPA published city and highway mileage). Thus, the calibration of model 
parameters does not require gathering any vehicle-specific data. The fuel consumption model is 
formulated as Equation (9), where α0 is the fuel consumption rate (g/s or l/s) for idling conditions 
and P(t) is the instantaneous total power in kilowatts (kW). Estimation of the model coefficients 
(α1, α2) uses the fuel consumption rates of the standard fuel economy cycles (i.e., EPA published 
city and highway mileage). Specific model relations for this computation can be found in [8]; 
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SIMULATION RESULTS 
This proposed intersection management algorithm was tested for benefits by simulating a single 
4-legged intersection with approach having three lanes (as shown in Figure 2). Each lane 
represents one movement, i.e. shared lanes are not considered in this tested intersection. iCACC 
system tool was compared to a base case where a signal controlled intersection was simulated for 
benefits of delay and fuel consumption. Sixteen scenarios of major and minor street volumes 
were tested. Each lane-width is 3.5 meter and the speed limit of 35 mph (approximately 16 m/s) 
for the intersection assuming zero grade. In order to calibrate the fuel consumption model and 
vehicle dynamics model, characteristics of a 2010 Honda Accord was used. They are provided in 
Table 1. 

The scenarios (Table 2) were simulated for two-cases: Base case involving use of 
signalized controller at the intersection and the test case where intersection management is done 
by iCACC system. INTEGRATION micro-simulation was used for simulating the conventional 
intersection and optimized signal timing values were used. iCACC-based intersection was 
simulated using state-of-the-art traffic models for deceleration/acceleration and car-following. 
The entrance time of each vehicle to the Intersection Zone (IZ), their initial speed and 
acceleration were picked using a random number generator. Cycle times and splits optimized by 
Synchro 6 software was used to simulate the scenarios in INTEGRATION. A fixed turn-
percentage of 0.2:0.6:0.2 was used for Left:Through:Right movements in both cases. For the test 
case, the intersection is simulated in MATLAB according to the algorithm described earlier, 
using the "moving horizon optimization" concept at each time step to fasten the optimization 
process. In other words, at each time step, the new vehicles entering the IZ are optimized and the 
vehicles already in the simulation are not optimized again. This optimization process takes 
shorter processing time as the preliminary optimization results for the coming vehicles are used 
in the following time step as initial input.  
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Table 4 - Physical Parameters of 2010 Honda Accord 
Parameter Value 
Power of engine (P) 177 Hp 
Transmission Efficiency (η) 0.92 
Total Weight (W) 1453 Kg 
Mass on Tractive Axle (mta) 785 Kg 
Roadway Adhesion (µ) Dry = 1 & Wet= 0.8 
Air Density (ρ) 1.2256 Kg/m3 
Air Drag Coefficient (Cd) 0.3 
Altitude Factor (Ch) 1  
Frontal Area (A) 2.32 m2 

Rolling Coefficient 
Cr= 1.75  
C2= 0.0328& C3= 
4.575 

EPA Estimates City/Combined/Highway 
21/25/31 MPG 

  
Table 5 - Simulation results for average delay and fuel consumed for all scenarios 

Scenario 

Major 
Volume 

(vph/approac
h) 

Minor 
Volume 

(vph/appro
ach) 

iCACC Case Signal Case 
Average 

Delay per 
vehicle (s) 

Average Fuel 
per vehicle (l) 

Average 
Delay per 
vehicle (s) 

Average Fuel 
per vehicle (l) 

1 500 250 0.6518 0.0167 11.500 0.105 
2 600 300 0.6410 0.0159 11.800 0.085 
3 700 350 0.8477 0.0160 13.300 0.092 
4 800 400 0.9438 0.0162 13.400 0.094 
5 900 450 1.2528 0.0167 13.300 0.093 
6 1000 500 1.0520 0.0168 14.100 0.090 
7 1100 550 0.7106 0.0182 15.000 0.092 
8 1200 600 2.4354 0.0169 16.100 0.097 
9 1300 650 1.2250 0.0175 16.800 0.094 
8 1400 700 2.2338 0.0188 15.700 0.094 

11 1500 750 2.3125 0.0172 19.000 0.094 
12 1600 800 1.4795 0.0174 19.500 0.095 
13 1700 850 2.2407 0.0186 18.800 0.096 
14 1800 900 1.8062 0.0190 21.000 0.097 
15 1900 950 2.0369 0.0170 25.100 0.098 
16 2000 1000 2.8600 0.0185 26.400 0.098 

 
Two measures of effectiveness (MOEs) tested were average delay per vehicle and 

average fuel consumed per vehicle to pass the intersection. Delay caused to a vehicle was 
computed as the deviation in time to cover the distance under consideration at speed-limit from 
the time it actually takes to cover the same distance. This value is averaged for all vehicles in the 
16 scenarios and is shown in Figure 3. Fuel consumption estimates were made using the VT-
CPFM model calibrated for the test-vehicle. Input for the model were instantaneous speed 
vectors for vehicles derived from MATLAB simulation and trajectories extracted from 
INTEGRATION. Average fuels consumed for the vehicles to pass the intersection were also 
computed the same way for all the 16 scenarios as shown in Figure 4. Table 2 tabulates the 
values of both MOEs for comparison purposes. 
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Figures 3 and 4 compares the benefits of iCACC intersection management over 
conventional signalized intersection in terms of delay and fuel consumed on a per-vehicle basis 
for various levels of approach volumes. Plotted values are shown in Table 2. Even though the 
results presented were derived using simulation output from two different sources, the results 
shows an insight to possible benefits of the system. The intersection and vehicles simulated in 
both cases were similar in all geometric and physical aspects and used same traffic models. This 
proves the results comparable. Figure 3 shows the average delay incurred by a vehicle in both 
cases. Clearly, the delay is multiple times less in case of iCACC approach with benefits 
averaging 96 percent. This can be attributed to the fact that iCACC tries to adjust vehicle 
trajectories such that they need not stop prior to the intersection thereby saving time and fuel. 

The fuel savings due to inertia and a higher average speed is shown in Figure 4, where 
fuel benefits are compared for the two cases. An average savings of 77 percent in fuel is shown 
for the iCACC case over conventional approaches.  

It should be stated that the scenarios simulated represents uncongested conditions. 
Consequently, dealing with traffic demand at an intersection in a vehicle-by-vehicle basis, as in 
iCACC case, reduces the delay extensively when compared to the conventional signal controlled 
case. In case of high-volume intersections, the optimization algorithm in iCACC will start 
compromising constraints of no-stopping and starts vehicles to queue prior to intersection and 
cross it approach-by-approach. In other words, by increasing the volume of vehicles at 
intersections, the iCACC system will turn into a regular signal control due to the accumulation of 
vehicles in the queue. It is anticipated that the proposed framework will be used in the future of 
intersections control for automated vehicles since it not only seeks crash avoidance but also 
reduces the total delay. 

 
 

 
Figure 3: Delay per vehicle (s) comparison between conventional control and the 

proposed iCACC control 
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Figure 4: Fuel consumed per vehicle (l) comparison between conventional control and the 
proposed iCACC control 

 

CONCLUSIONS 
Autonomous vehicles are considered a major part of the future intelligent transportation systems. 
Semi-automated systems in which the speeds are governed by sensors using Adaptive Cruise 
Control systems are already available in market. Along with the goal of removing human's 
distracted driving to make roadways safer and increasing use of technology in cars, it is 
necessary to have a replacement for the conventional signal controlled intersection. This research 
attempts to present an innovative approach for optimizing the movements of vehicles equipped 
by Cooperative Adaptive Cruise Control systems at "smart" intersections. A few attempts have 
been made in the literature for the use of CACC technology at intersections. However, the past 
research efforts did not explicitly optimize the total delay at the intersection as they focused 
more on optimizing acceleration/deceleration levels for crash avoidance and/or emissions.  

The research specified in this paper relies on advanced computing at "smart" intersections 
where the controller can "talk" to cars and back for the CACC systems to function. The 
intersection controller would advice the vehicle, the best action needed to reduce the total delay 
and prevent crashes at each time step. The iCACC system tool presented in this paper has the 
capability to capture the physical characteristics of concerning the acceleration/deceleration, the 
different weather conditions (roadway surface) and the different movements at intersections. In 
addition, the algorithm has the ability to apply the moving horizon concept in optimizing the 
movements of vehicles, in other words, it could optimize a time step ahead to speed up the 
process and overcome any uncertainty in the simulation. 

This paper presents the preliminary results of this research where one vehicle type was 
simulated with a single intersection. All vehicles in the simulation were assumed to have CACC 
system to send/receive information and follow speed advices as directed. In future, simulations 
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with more types of vehicles and more number of adjacent intersections need to be done. The 
results from this research also warrant studies with regard to incorporating non-CACC vehicles 
into the system and studies pertaining to tackling unexpected system changes, pedestrian 
movements etc. It is anticipated that this research will contribute in the future of intelligent 
transportation system (ITS), connected vehicle technology systems, and driverless vehicles 
applications. 
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