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ABSTRACT 

 

In recent years, multi-agent traffic simulation has been widely used to accurately evaluate 

the performance of a road network considering individual and dynamic movements of vehicles 

under a virtual roadway environment.  Given initial traffic demands and road conditions, the 

simulation is executed with multiple iterations and provides users with converged roadway 

conditions for the performance evaluation.  For an accurate traffic simulation model, the driver’s 

learning behavior is one of the major components to be concerned, as it affects road conditions 

(e.g., traffic flows) at each iteration as well as performance (e.g., accuracy and computational 

efficiency) of the traffic simulation.  The goal of this study is to propose a realistic learning 

behavior model of drivers concerning their uncertain perception and interactions with other 

drivers.  The proposed learning model is based on the Extended Belief-Desire-Intention (E-BDI) 

framework and two major decisions arising in the field of transportation (i.e., route planning and 

decision-making at an intersection).  More specifically, the learning behavior is modeled via a 

dynamic evolution of a Bayesian network (BN) structure.  The proposed dynamic learning 

approach considers three underlying assumptions: 1) the limited memory of a driver, 2) learning 

with incomplete observations on the road conditions, and 3) non-stationary road conditions.  

Thus, the dynamic learning approach allows driver agents to understand real-time road 

conditions and estimate future road conditions based on their past knowledge.  In addition, 

interaction behaviors are also incorporated in the E-BDI framework to address influences of 

interactions on the driver’s learning behavior.  In this dissertation work, five major human 

interactions adopted from a social science literature are considered: 1) accommodation, 2) 

collaboration, 3) compromise, 4) avoidance, and 5) competition.  The first three interaction types 

help to mimic information exchange behaviors between drivers (e.g., finding a route using a 
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navigation system) while the last two interaction types are relevant with behaviors involving 

non-information exchange behaviors (e.g., finding a route based on a driver’s own experiences).  

To calibrate the proposed learning behavior model and evaluate its performance in terms of 

inference accuracy and computational efficiency, drivers’ decision data at intersections are 

collected via a human-in-the-loop experiment involving a driving simulator.  Moreover, the 

proposed model is used to test and demonstrate the impact of five interactions on drivers’ 

learning behavior under an en route planning scenario with real traffic data of Albany, New 

York, and Phoenix, Arizona.  In this dissertation work, two major traffic simulation platforms, 

AnyLogic® and DynusT®, are used for the demonstration purposes.  The experimental results 

reveal that the proposed model is effective in modeling realistic learning behaviors of drivers in 

conduction with interactions with other drivers. 
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CHAPTER 1 

1. INTRODUCTION 

For the last decade, agent-based simulation (ABS) has become more popular in the field 

of transportation to achieve accurate prediction of drivers’ responses under realistic road 

conditions.  In ABS, higher accuracy in mimicking real drivers is possible as each driver agent 

has an independent reasoning process based on a complete/incomplete comprehension of the 

road conditions (North and Macal 2009; Burghout et al. 2005).  To obtain more genuine and 

accurate ABS results, multiple studies have been conducted on devising realistic agents for 

drivers (Errampalli et al. 2013; Nguyen et al. 2012). 

Perception and reasoning processes are generally considered as two primary components 

affecting drivers’ behaviors.  Most of a driver’s actions, such as accelerating and lane-changing, 

are consequences of his decision based on his own understanding of the driving situation (Zhu et 

al. 2007).  However, considering that the driver’s perception of road conditions is affected by his 

own preferences for factors such as road safety, traffic volume, and willingness to pay a toll, 

modeling drivers’ perception and reasoning processes is a challenging task.   

To accurately mimic real drivers’ decision-making processes regarding individual 

driver’s preference on multiple attributes (e.g., travel costs involving monetary and non-

monetary aspects), a discrete choice model which produces the selection probability of each 

option regarding individual driver’s preference on multiple attributes (e.g., travel costs involving 

monetary and non-monetary aspects) has been widely used (Prato 2009; Boyce et al. 1983).  For 

example, Frejinger et al. (2009) proposed a probabilistic route-choice model that evaluates the 

selection probability of each pathway in a road network.  In their work, the straight-line distance 

from the nearest path was used as a systemized expense function.  Here, reproducing the 



 

17 

 

preference weights and the values of multiple attributes, the driver’s route-choice probability for 

each option can be conveniently expressed (Prato 2009).  However, the discrete choice model 

has a major limitation in mimicking actual driver’s decisions due to its underlying assumption 

that the driver is fully aware of the road conditions.  The driver’s perceptions could in all 

probability be only partial and not aligned; and the aspects not fully comprehended could result 

in the same driver making different choices under unchanged parameters (Wierwille 1993). 

To overcome the limitation of classical discrete choice models mentioned above, this 

study proposes a cognition-based decision-making model under the Extended Belief-Desire-

Intention (E-BDI) framework (Lee et al. 2010).  The goal is to mimic an actual driver’s decision-

making behavior regarding unclear and unsure understanding and evaluation practices.  To 

understand the road situation with respect to the driver’s psychological situation, E-BDI adopts 

three major underlying algorithms, including 1) a Bayesian network (BN) to represent the 

driver’s unclear perception under varying situations (e.g., understanding the time it takes to cover 

a road distance), 2) the Extended Decision Field Theory (EDFT) to calculate the choice 

probabilities of multiple options considering the driver’s preference for attributes (e.g., travel 

time and its variance), and 3) a Probabilistic Depth First Search (PDFS) to create multi-stage 

pathways (i.e., a route plan) dependent on choice probability (Lee et al. 2010; Lee et al. 2008).  

In short, the E-BDI framework allows a detailed analysis of drivers’ incomplete, unsure, and 

disjointed understanding and choices.   

 

1.1 Research Goals 

The E-BDI framework is used to represent actual driver actions in this study, particularly 

for human perception and reasoning processes.  While multiple studies have already been 
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conducted to understand and replicate a person’s actions using the E-BDI framework, deviations 

from standard values do occur when the E-BDI framework is implemented for a driver.  

Actually, the driver’s behavior and reasoning process on the road is significantly affected and 

continuously changing while driving, based on road conditions as well as interactions with other 

vehicles.  For example, when a leading vehicle suddenly breaks down, the following vehicle 

must stop to prevent a collision.  In addition, drivers have the tendency to continuously learn 

from other drivers or road conditions while driving to enhance their performance (e.g., travel 

time).  This aspect of the driver’s behavior enables the driver to find a new route, even as the 

road network and all related parameters change over time with the growth in traffic volume or 

newly constructed roads.  For instance, if a car accident causes a sudden roadway obstruction, a 

driver needs to change his original route plan to avoid traffic congestion.  Therefore, 

consideration of the driver’s learning abilities and interactions with other vehicles is an important 

issue when we intend to mimic a real driver’s perception and reasoning process.   

The goal of this study is to present a realistic model for a driver’s perception and 

reasoning process with respect to his interactions and learning trends under the E-BDI 

framework.  To address drivers’ behavior under both unchanging and changing road 

environments, two situations are considered: 1) decision-making at an intersection, and 2) en 

route planning in a road network.  First, drivers’ decision-making at an intersection is used to 

address their dynamic learning behavior.  The dynamic structure learning approach of a Bayesian 

network (BN) is proposed to mimic their learning behavior considering three underlying 

assumptions: 1) the limited memory of a driver, 2) learning with incomplete observations of road 

conditions, and 3) non-stationary road conditions.  The proposed approach allows driver agents 
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to understand real-time road conditions and estimate future road conditions based on their past 

knowledge.   

Second, the drivers’ en route planning is adopted to demonstrate interaction behavior 

under the E-BDI framework.  Specifically, the influence of interactions on a driver’s learning 

behavior are modeled and illustrated using five major human interactions addressed in social 

science literature: 1) avoidance, 2) accommodation, 3) compromise, 4) collaboration, and 5) 

competition.  The first three interaction types help to explain information-exchange behavior 

between drivers (e.g., finding a route using a navigation system) while the last two interaction 

types are related to behavior involving non-information exchange (e.g., finding a route based on 

the driver’s own experience).  As a result, by employing a dynamic learning approach and five 

types of interactions, the proposed approach is able to accurately represent drivers’ uncertain 

perception and reasoning behavior under a dynamic traffic environment. 

 

1.2 Objectives 

Toward the successful explanation of the aspects stated above, additional specific 

objectives are developed and stated as follows: 

 

 The initial intent is to understand the various types of driver interactions, and then to 

develop a multi-agent model to mimic them.  As mentioned in Section 1.1, based on 

social literature, five major types of behavior are considered, including 1) avoidance, 2) 

accommodation, 3) compromise, 4) collaboration, and 5) competition.  A model will be 

developed to actually demonstrate the driver’s behavioral trends and semantics using 

actual traffic data from Albany, New York.  To study the experience levels of drivers on 

the road, three different types of drivers (commuters, explorers, and travelers) are 
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considered.  These models are implemented using the AnyLogic® agent-based simulation 

software.   

 

 The next objective is to develop a dynamic learning model for drivers under non-

stationary roadway conditions.  The dynamic learning of the driver is represented using a 

Bayesian network (BN) with three underlying assumptions: 1) a driver is unable to recall 

all his past observations (limited memory), 2) factors in the traffic environment (e.g., 

travel time and number of vehicles) are not always available (incomplete information), 

and 3) the road environment changes over time (non-stationary).  Incorporating all these 

assumptions, the proposed BN structure learning model would represent a more realistic 

learning behavior for a driver under non-stationary roadway conditions. 

 

 The third target is to reduce the calculations of the suggested learning and interaction 

behavior representations, but retain the benefit of the E-BDI framework.  A hierarchical 

approach is implemented, using Java-based E-BDI modules and DynusT® traffic 

replication software, with actual road data from Phoenix, Arizona.   

 

 The fourth objective is to devise an efficient traffic control policy.  A methodology is 

employed and further developed toward maximizing the benefits suggested by unifying 

the concepts of drivers’ interaction among themselves as well as considering their 

learning behavior.  Dual toll pricing (DTP) is considered as an application, where policy 

makers impose a toll on both hazardous materials (hazmat) vehicles and regular vehicles 

when using populated road segments, to mitigate the risk of hazmat transportation.  The 
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proposed approach with traffic data from Albany, New York, is used with the AnyLogic 

agent-based software.  In addition, search algorithms in OptQuest® are also applied to 

find an optimal DTP policy which determines the minimum risk and travel cost.   

 

 The fifth objective is to collect actual data from drivers, enabling the development of the 

E-BDI-based learning and interaction model.  To calibrate the proposed model, and 

evaluate its performance in terms of inference accuracy and computational efficiency, 

drivers’ decision data are collected via a human-in-the-loop experiment involving a 

driving simulator. 

 

 The sixth objective is to integrate the E-BDI-based learning and interaction model with 

contemporary traffic simulation models.  Two major traffic simulation platforms, 

AnyLogic and DynusT, are integrated and used for the demonstration of drivers’ learning 

and interaction behavior.   

 

 The last objective is to demonstrate the advantages of the E-BDI-based learning and 

interaction model.  Various comparison results of the proposed model versus present 

drivers’ behavior simulations are exhibited under multiple scenarios, such as en route 

planning, day-to-day route planning, stopping or proceeding behavior at an intersection, 

and lane-changing. 

 

1.3 Organization of the Remainder of the Dissertation 
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The remainder of the dissertation is organized as follows.  Chapter 2 provides an 

extensive literature review and background information on driver’s behavior models.  Related 

topics such as driver’s behavior models, cognition-based decision-making models, and driver 

learning-behavior models will be explained.  Chapter 3 first presents a detailed description of the 

dynamic learning behavior of drivers via a Bayesian network (BN), and then the interaction 

behavior modeling of drivers under the E-BDI framework is presented.  Thus, drivers’ uncertain 

decision-making behavior under dynamic traffic conditions can be designed.  In Chapter 4, the 

proposed driver decision-making model is demonstrated under a stopping and proceeding 

decision-making scenario at an intersection.  Details of the demonstration are described with the 

calibration procedure based on collected data via a human-in-the-loop experiment involving a 

driving simulator.  In Chapter 5, a performance of the proposed model is addressed in terms of 

computation complexity and modeling accuracy.  A hierarchical en route planning method using 

the E-BDI framework is proposed to reduce the computation complexity without sacrificing its 

modeling accuracy.  Thereafter, in Chapter 6, a simulation-based optimization approach in 

conjunction with the E-BDI framework is introduced as an application of the proposed model.  

To lessen the risks of transporting hazardous materials (hazmat), DTP, which involves levying a 

toll on hazmat vehicles as well as regular vehicles, has been considered.  Chapter 7 includes a 

summary of the findings and the conclusions drawn for this research.  The directions of future 

research are also indicated. 
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CHAPTER 2 

2. BACKGROUND AND LITERATURE REVIEW 

This chapter provides an extensive literature review on cognition based decision-making 

behaviors of drivers before introducing dynamic learning and interaction behavior modeling 

under the E-BDI framework in Chapter 3.  To this end, first, a comprehensive background on 

existing decision-making models of drivers will be provided.  Thereafter, major cognition-based 

decision-making models will be introduced and applicability of the E-BDI framework to driver’s 

decision-making behavior modeling will be discussed.  Finally, various learning algorithms in 

Bayesian network (BN) will be introduced to design a realistic decision-making model regarding 

driver’s learning behavior under dynamic traffic conditions.   

 

2.1 Decision-Making Models in Transportation 

In general, drivers are exposed to many different kinds of decision-making moments as 

they try to reach their destinations safely in a reasonable amount of time.  For example, they 

must consistently decide whether to accelerate or decelerate while driving, or to find an 

alternative route if a car accident causes a sudden roadway obstruction.  To take the shortest 

route, they evaluate all possible routes based on their knowledge, and select the one that they 

think is the best.  Considering that vehicle movements are all dependent on the driver’s final 

choice, the significance of the driver’s decision-making behavior cannot be ignored (de Dios 

Ortuzar and Willumsen 2011).   

To represent drivers’ decision-making behavior, a discrete choice model based on 

multiple probabilities has been widely adopted.  The discrete choice model has been devised 

under the following conditions: 1) the options are equally selectable, 2) the options are far-
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reaching, and 3) the number of options is limited (Prato 2009; Alvarez and Nagler 1998).  The 

basic core behind the discrete choice model is the random utility theory, which selects the 

maximum number of positive outcomes from several listed possibilities (Williams 1977). 

𝑈𝑗𝑞 ≥ 𝑈𝑖𝑞 , ∀𝐴𝑖 ∈ 𝐴(𝑞), 𝑈𝑗𝑞 = 𝑉𝑗𝑞 + 휀𝑗𝑞                               Eq. (2.1) 

where A is an option set, q is an index of individual drivers, Vjq is the weighted sum of 

explanatory variables describing the attributes of alternative j (i.e., Vjq = βXjq, where X is a vector 

of the explanatory variables and β is a coefficient vector representing the impact of X), and εjq is 

a conditional independent and identically distributed (i.i.d.) residual and reflects the preference 

of driver q for option Aj,.   

Within the field of transportation, the most effective discrete choice model is the 

Multinomial Logit Model (MLM), as follows (Domencich and McFadden 1975): 

𝑃𝑖𝑞 =
exp(𝑉𝑖𝑞)

∑ exp(𝑉𝑖𝑞)𝐴𝑗∈𝐴(𝑞)
=

exp(𝛽𝑋𝑖𝑞)

∑ exp(𝛽𝑋𝑖𝑞)𝐴𝑗∈𝐴(𝑞)
                          Eq. (2.2) 

This is a popular model since it can represent drivers’ preferences on a number of factors with a 

relatively simple set of calculations.  This can be illustrated in the lane-selection case, where the 

model calculates the choice probability simply based on the driver’s speed and the length of the 

queue in each lane.  Correspondingly, the MLM calculates the route-choice probabilities of 

various alternatives generated by repeated searches of the shortest routes (Prato 2009).  

However, this model is unable to distinguish between dependencies on alternate and individual 

driver preferences, or take into account the various specific likings. 

Therefore, the Nested Logit Model (NLM) has been proposed to overcome the 

shortcomings of the MLM (Ben-Akiva 1974).  The NLM allows for links among the alternatives 

by using a nesting approach that categorizes the available possibilities into multiple closed-

circuit nests on the basis of resemblances in the alternatives; e.g., between highways and 
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interstate road ways (de Dios Ortuzar and Willumsen 2011).  The NLM calculates that the driver 

will choose option j based on the following mathematical interpretation:   

𝑈𝑗𝑞 = 𝛽𝑋𝑗𝑞 + 𝛼𝑍𝑠 + 휀𝑗𝑞                                           Eq. (2.3) 

For the above, Zs represents the characteristics of the nests, α is a coefficient vector representing 

the impact of Zs, and εjq follows a generalized extreme value (GEV).  However, this model can 

only account for the interdependencies among the options in each nest, listed in the structure.  

Along with the NLM theory, we are able to consider the Multinomial Probit (MNP) model, 

which is a derivative of a multivariate normal distribution, or a mixed logit (ML) model.  Hence, 

even if the MNP model requires more computations than the NLM theory, it can represent the 

interdependencies via a covariance matrix of multiple options (Munizaga et al. 2000).   

Despite the existence of multiple models, including MLM, NLM, and MNP, discrete 

choice models are still constrained in calculating all variables with certainty (Hawas 2004).  This 

is because the models assume that all drivers are rational at all times and have complete 

information (or perceptions) about road conditions (e.g., traffic flow and travel time of each 

link).  In the existing models, drivers should have the perceived information (or knowledge) 

about all alternatives (e.g., routes) for their evaluation and selection of options.  However, in 

reality, it is difficult that drivers have complete knowledge about all alternatives in real-time 

because they cannot simultaneously drive all possible routes.  From Global Positioning System 

(GPS) vehicle location data in Lexington, Kentucky, Jan et al. (2000) observed that drivers did 

not choose the shortest route due to their limited knowledge about dynamic road conditions.  

Therefore, to help drivers find better routes in a road network, advanced traveler information 

system (ATIS), which provides real-time information of road conditions to drivers, can be used 

(Ben-Elia and Shiftan 2010; Mahmassani and  Liu 1999). 
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However, after providing the information of road conditions to drivers, their decision-

making behaviors can be still uncertain (or irrational).  This is because most drivers have a 

limited perception of road conditions so their driving decisions are based on uncertainty 

(Carbonell 1966).  In fact, the driver’s limited perception is associated with his visual sampling 

capabilities through devices such as mirrors, the windshield, and dashboard indicators (Hoffman 

et al. 2005).  Because of the continuous motion of the car, drivers must constantly check the 

status of the visual devices.  If a driver is distracted by other devices like cell phones, the actual 

time available to process all the information is reduced even further (Sheridan 2004).  Hence, a 

driver only actually processes a fraction of the observations (Carbonell 1966) and thus has an 

uncertain decision-making process (Wierwille 1993).  In other words, it is possible that drivers 

can make irrational decisions even though ATIS provides accurate road network information to 

drivers.  Therefore, drivers’ perception aspect needs to be considered to address their uncertain 

decision-making behaviors.  

 

2.2 Cognition-Based Human Decision-Making Models 

As mentioned in Section 2.1, since drivers make decisions based on their perceived 

knowledge, their limited perception capability is a significant characteristic when developing a 

realistic driver behavioral model (Recarte and Nunes 2003).  Thus, numerous cognitive 

architectures have been proposed to clarify the relationship between a person perceiving 

information and subsequently making decisions with it.   

Soar is a well-known model and framework which consists of a goal-oriented search 

process in problem spaces (or situations), based on subconscious knowledge stored in 

unconscious memories (Laird 2012).  It works towards encouraging a series of sub-conscious 
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behavior by retrieving information from memories stored over the long run.  All decisions for 

both internal and peripheral actions are made by a secure decision-making process which 

deciphers partialities created by situation-action rules.  Therefore, decisions arrived upon are 

based on a combination of what is sensed from the environment, what is stored in the working 

memory, and what is retrieved from long-term memory.  Soar has the advantage over other 

theories of being able to justify the complex reasoning process of the human psychology, which 

often makes incomplete, uncertain, or inconsistent decisions (Laird 2012). 

Chunking, which is the phenomenon of creating vector representations of a person’s 

symbolic properties (De Groot 1978; Miller 1956), is Soar’s major component for mapping the 

human reasoning and arguing process.  The issue is divided into smaller parts, and while the 

overall goal may be to win an argument, a subgoal would work in parts toward achieving that 

goal.  Hence, for humans, subgoals are achieved through the setting of mental rules by the 

working-memory elements created during the problem-solving process.  For a result subgoal 

(e.g., J), chunking conducts a condition-finding process to determine the conditions which cause 

the resultant subgoal (e.g., H and I).  If the generation condition of H is C and the generation 

conditions of I are D, E, and F, the resulting chunk is C ˄ D ˄ E ˄ F → J (Rosenbloom et al. 

1989).  Once a chunk has been established, the model will also be replicated under similar future 

situations.   

Correspondingly, ACT-R (Adaptive Control of Thought—Rational) is a second cognitive 

framework based on chunking (Anderson et al. 1997).  It primarily assumes the existence of two 

knowledge types: 1) declarative knowledge (or recognizable knowledge) represented by chunks, 

and 2) procedural knowledge (or production) which details working with declarative knowledge 

towards resolving problems.  To consider a practical representation, let "Three plus four is 
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seven" be declarative knowledge.  In order to represent this knowledge as per the ACT-R 

framework, procedural knowledge needs to be defined; e.g., if the goal is to add nl and n2 (i.e., nl 

+ n2 = n3) in a column, then set “write n3 in the column” as a subgoal (Anderson et al. 1997).  

Other aspects would also apply herein, such as operations like carrying into or out of the column 

or writing out the answer.  All ACT-R productions have the basic property of responding to 

some goal, retrieving information from declarative memory, and thereafter possibly taking some 

action or setting a subgoal.  Thus, ACT-R arranges for cognition to begin step by step under 

similar production rules (Anderson et al. 1997), with the advantage that it generates new, 

knowledge-based or perceived information, i.e., declarative knowledge. 

Despite both Soar and ACT-R being well-designed frameworks that define the 

relationship between perceptions and the human decision-making process, they have not yet 

discussed in detail the interdependencies between multiple options (Marewski and Mehlhorn 

2011).  Further, considering the complexities involved in the models, their practical 

implementation has its share of challenges (Rosenbloom 2011).  This becomes more evident in 

large networks, like transportation networks.  Therefore, mammoth calculations are involved in 

representing the behavior of each driver, which may be in the thousands.  However, in the same 

vein, these implementation challenges can also be resolved by considering graphical models, 

including Bayesian networks (Rosenbloom 2011). 

Unlike the chunking-based cognitive architectures already discussed, an alternative 

framework called the Extended Belief-Desire-Intention (E-BDI) framework works in 

conjunction with a BN (Lee et al. 2010).  Originally, Belief-Desire-Intention (BDI) was 

introduced by Rao and Georgeff (1998) with the underlying assumption that intentions play a 

prominent role in an agent’s decision-making.  The basic idea behind BDI is based on folk 
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psychology, allowing the use of a programming language to describe human informational, 

motivational, and deliberative states, all channeled towards a reasoning process in everyday life 

(Norling 2004).  Here, Beliefs represent the information observed about an environment, 

regarding the uncertain mental processes in the human mind.  Desires are the mental states in 

which a person would ideally like to see himself, while Intentions translate to the desires that a 

person is committed to materialize.  Intention can be illustrated by three further modules, which 

include being a deliberator, a real-time planner, or a decision executor (Zhao and Son 2008).  

These modules enable BDI to accommodate single-step decisions, as well as a series of decisions 

taken together, called planning.  BDI is also extended with the Emotional module which 

incorporates psychological factors including confidence and instincts.  Thus, the E-BDI 

framework allows for the realistic processing of human decision-making procedures (see Figure 

2.1). 

 

 

Figure 2.1: The E-BDI framework (Lee et al. 2010; Zhao and Son 2008) 
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To align the concepts of the BDI framework into an agent-based simulation, three 

different algorithms have been adopted: a Bayesian network (BN), the Extended Decision Field 

Theory (EDFT), and the Probabilistic Depth First Search (PDFS) (Lee et al. 2010; Lee et al. 

2008).  BN is adopted as the Perceptual processor in the Belief module; it is through this that 

humans infer attribute values (i.e., Beliefs) from the information available in the environment.  

The EDFT and PDFS algorithms are used to compute choice probabilities of alternatives (i.e., 

possible paths), and to generate a multi-stage plan (i.e., a route plan) to be performed by the 

Decision executor, respectively.   

In addition, the confidence index (CI) in the Emotion module is an exponential 

smoothing function of the deviation between what is predicted about the environment during the 

planning stage and the actual situation at the execution stage.  The model constantly refers to the 

CI value and if, at any time, this value is beyond the predefined limits, indicating that the model 

is operating in the confident mode, the Decision executor executes all the tasks in the plan.  

Alternatively, the model continues running and performing in the suspicious mode, and allows 

for re-planning before executing each new task (Lee et al. 2010).  CI is described in the 

following equations:  

𝐶𝐼(𝑡) = 𝛼 × 𝑒−𝑑𝑡 + (1 − 𝛼) × 𝐶𝐼(𝑡 − ∆𝑡)                             Eq. (2.4)                 

𝑑𝑡 = ∑ |𝑚𝑎(𝑡) − 𝑚𝑎(𝑡 − ∆𝑡)|𝑎∈𝐴                                     Eq. (2.5)                 

where ma (t) is the observed state of attribute a at time t and ma (t - Δt) is the observed state of 

attribute a at time 𝑡 − ∆𝑡 (e.g., travel time at time t and experienced travel time at time 𝑡 − ∆𝑡).  

α is the impact rate of dt on the existing CI (0 ≤ CI ≤ 1).  A high CI means high knowledge 

accuracy.  The underlying assumption is that a driver interacts with other drivers (or devices) to 

enhance his CI. 
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E-BDI has an advantage in that it provides perception and reasoning behavior under a 

unified framework.  It specifically considers interdependencies among multiple alternatives 

involving deliberation in time pressures, and also multi-stage planning behavior with uncertain 

decision-making processes.  In addition, the framework can represent the evolution of human 

behavior over time.  Because of its flexibility, the E-BDI framework has been successfully 

applied in many medium- to large-scale systems, including those for air-traffic management 

(Kinny et al. 1996), fault diagnostics for the space shuttle program, factory process control and 

business process management (Rao and Georgeff 1998), as well as effective crowd management 

(Lee et al. 2010).  However, the E-BDI framework has not fully addressed detailed aspects of 

human learning and interaction behavior.  Considering that drivers’ decisions and behavior are 

influenced by their interactions with other people and their previous driving experience, the 

model needs to be extended to accommodate more real drivers’ behaviors. 

 

2.3 Learning in a Bayesian Network 

2.3.1 Bayesian Network 

As mentioned in Section 2.2, a BN is adopted as the Perceptual processor in the Belief 

module to infer attribute values (i.e., Beliefs) from the information available in the environment.  

BN is known as a cause-and-effect directed acyclic network for representing the probabilistic 

relationships between variables (Neapolitan 2004).  To be more specific, it is a network 

consisting of nodes, which represent the variables to be considered, and directed arcs, which 

indicate the cause-effect relationship between the variables.  In general, since the BN is 

performing probabilistic inference with the nodes and arcs, it can simulate the uncertain 

perception and reasoning processes of a human.  In addition, it can provide a convincing 
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probabilistic inference answer based on historical data, even if only partial observations are 

available (Mihajlovic and Petkovic 2001).  Therefore, Tezuka et al. (2006) developed a BN 

model to mimic drivers’ lane-changing decisions, such as normal lane keeping, a normal right 

lane change, and an emergency right lane change.  Kumagai et al. (2003) proposed a BN model 

to predict a driver’s stopping or proceeding behavior at an intersection.  However, since the BN 

is a static model, it cannot represent the evolution of drivers’ decision behavior. 

In order to overcome the limitations of a BN, the Dynamic Bayesian Network (DBN) has 

been proposed.  A DBN is designed to describe the dynamic dependencies between variables 

over time, and is able to monitor the system as time proceeds and predict a future behavior 

(Murphy 2002).  Unlike a BN, a DBN not only has connections within time slices but also has 

connections between time slices, which satisfies the Markovian condition, i.e., the state of a 

system at time t depends only on its immediate past state at time t - 1 (Mihajlovic and Petkovic 

2001).  Thus, it is known as a two-time-slice BN (Ng 2007).  This means that, in a DBN, the 

nodes, edges, and probabilities can have different values or states in each time slice.  If only one 

time slice t (i.e., a temporal dimension) is considered, all the nodes, edges, and probabilities of a 

DBN are the same as a single BN.  Further, a DBN has temporal connections within time slices 

(i.e., intra-slice connections) as well as between time slices, and the temporal connections 

incorporate conditional probabilities between variables (Mihajlovic and Petkovic 2001).  Since 

the DBN is able to represent the evolution of drivers’ decision behavior, it can illustrate not only 

human perceptions but also learning behaviors based on new observations.   

Nevertheless, since the DBN has the stationary condition that variable characteristics 

(e.g., range of values) and the DBN’s structure must be identical between different time slices 

(Robinson and Hartemink 2010), it is inappropriate to illustrate a driver’s inference behavior 
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under an evolved road environment over time.  In other words, the time dependencies and cause-

effect relationship between variables cannot be changed over time.  Further, the DBN requires 

perfect information about the time dependencies between variables (e.g., Xt-2, Xt-1, and Xt).  

However, in a real road environment, it is difficult to have all the information about time 

dependencies between variables, especially when the traffic flows and the road network structure 

change over time.  Therefore, the dynamic structure learning (or on-line structure learning), 

which is a sequential process updating the temporal BN structure at each time slice without 

having time dependencies between temporal BN structures, needs to be considered to represent 

the evolution of drivers’ perception and reasoning behaviors in a road environment. 

 

2.3.2 Structure Learning in a Bayesian Network 

To represent drivers’ perception of road conditions as well as their learning behavior, BN 

structure learning should be addressed first.  BN structure learning is a process of searching the 

optimum directed acyclic graph (DAG) structure which enables it to accurately explain the 

probabilistic relationships between variables (Neapolitan 2004).  To obtain a convincing 

probabilistic inference answer based on historical data, creating a statistically correct BN 

structure is a significant issue.  According to Murphy and Mian (1999), existing approaches can 

be classified into the four cases described in Table 2.1.   

 

Table 2.1: Methods for creating a BN under different cases (Murphy and Mian 1999) 

Structure / Observability Method 

Known / Full (complete data) Simple statistics 

Known / Partial (incomplete data) Expectation maximization 

(EM) or gradient descent 
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Unknown / Full (complete data) Search through model space 

Unknown / Partial (incomplete data) Structural EM 

 

In Table 2.1, full observability means the values of all variables are known, and partial 

observability means the values of some variables are known (i.e., hidden variables).  The latter is 

more realistic in the case of transportation since a driver has limited perception capability.  In 

addition, unknown structure means the topology of the network, involving conditional 

probabilities between nodes, is unknown.  Thus, the structure learning of a BN is performed to 

construct a statistically correct BN from the observed data.  Otherwise, parameter learning is 

executed to find the values of the parameters of each conditional probability distribution, which 

maximizes the likelihood of the training data (Mihajlovic and Petkovic 2001). 

In fact, training an exact BN with given observations is a difficult process.  Particularly if 

the system has many actors and processes, the relationships between variables are more likely to 

be complex.  According to Chickering (1996), finding the most probable directed acyclic graph 

(DAG) of a BN is NP-complete when the number of variables is large.  The number of DAGs 

containing n nodes is shown below (Robinson 1977): 

𝑓(𝑛) = ∑ (−1)𝑖+1 (
𝑛
𝑖

) 2𝑖(𝑛−𝑖)𝑓(𝑛 − 𝑖)𝑛
𝑖=1 , 𝑛 > 2               Eq. (2.6) 

From Eq. (2.6), it is easy to understand that it is infeasible to compute the probability of all 

possible DAG patterns if a BN has many nodes (e.g., f(2) = 3, f(3) = 25, f(5) = 29,000).  

Therefore, the approximate model selection approach (e.g., a heuristic search algorithm) has 

been widely adopted to find the most probable structure (Neapolitan 2004). 

Two general approaches exist: scoring-based and constraint-based.  The scoring-based 

approach uses the score of the BN’s structure to find the most probable structure.  The K2 
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algorithm was developed by Cooper and Herskovits (1992) using a greedy search algorithm.  It 

searches for a DAG that approximates the maximizing scoreB (D, Xi, PA) where PA is a parent 

set of Xi (see Eq. (2.7)).  If node Xj gives the maximum scoreB (D, Xi, PA), node Xj will be 

selected as the parent node of Xi with an arrow from Xj to Xi where j > i.  This process continues 

until no further nodes increase the scoreB (D, Xi, PA) (Cooper and Herskovits 1992).   

𝑠𝑐𝑜𝑟𝑒𝐵(𝐷, 𝑋𝑖, 𝑃𝐴) = ∏
Γ(∑ 𝛼𝑖𝑗𝑘

(𝑃𝐴)
𝑘 )

Γ(∑ 𝛼𝑖𝑗𝑘
(𝑃𝐴)

𝑘 +∑ 𝑠𝑖𝑗𝑘
(𝑃𝐴)

𝑘 )
∏

Γ(𝛼𝑖𝑗𝑘
(𝑃𝐴)

+𝑠𝑖𝑗𝑘
(𝑃𝐴)

)

Γ(𝛼𝑖𝑗𝑘
(𝑃𝐴)

)

𝑟𝑖
𝑘=1

𝑞(𝑃𝐴)

𝑗=1        Eq. (2.7) 

where sijk is the number of cases where Xi is equal to k given parent set j, and αijk is a prior when 

Xi is equal to k given parent set j.  For a constraint-based algorithm, the path condition (PC) 

algorithm was developed to learn BN structure based on conditional independency (CI) tests 

(Spirtes et al. 2000).  The algorithm searches a DAG pattern in which distribution P admits a 

faithfulness condition to the DAG representation.  First, it finds a graph pattern (gp) that is an 

undirected graph (e.g., X–Z–Y).  Second, by testing dependencies, some head-to-head links are 

found (e.g., X→Z←Y).  Third, it orients the rest of the links without producing cycles. 

Both approaches have advantages and disadvantages.  For example, K2 requires the time 

ordering of the variables to determine search sequences.  Although the PC algorithm provides a 

relatively accurate DAG structure, a CI test of the PC algorithm rapidly becomes 

computationally infeasible as the number of variables increases (Verma and Pearl 1992).  Thus, a 

hybrid approach called the CB algorithm was proposed to combine the advantages of both 

approaches (Singh and Valtorta 1995).  It does not require the time ordering of variables since it 

generates the node ordering, resulting from the CI test.  Then, it continues the process by 

employing the K2 algorithm.  Nevertheless, the CI approach involving the K2 and PC algorithms 

cannot handle the drivers’ limited perception capability (i.e., incomplete data). 
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In order to overcome the problems of the incomplete observation case, the Bound and 

Collapse (BC) algorithm (Ramoni and Sebastiani 1997) and the Bayesian Structure Equation 

Modeling (BSEM) algorithm (Friedman 1998) have been proposed.  The BC method is a 

deterministic method that estimates the conditional probabilities which define the dependencies 

in the BN.  It starts by bounding the set of possible estimates (interval estimates) based on the 

available observations in the database.  Then, it collapses the resulting interval estimate into a 

unique point estimate by combining the extreme values of the interval estimate.  Based on this 

unique point estimate, the dependencies in the data are calculated, for which it becomes the basis 

of the learning structure.  Although the BC algorithm is robust and independent of computation 

time regarding the number of missing observations, the prior knowledge of node ordering and 

the scoring function are required for the learning process (Ramoni and Sebastiani 1997). 

On the other hand, BSEM consists of two main steps called the Expectation step and the 

Maximization step (Friedman 1998).  The objective of the Expectation step, which is the same 

step as in EM, is to complete data set D based on the current structure and parameters.  For 

example, let us assume there are two variables, 𝑋𝑡
𝑗
 and 𝑋𝑡

𝑖, and one case of the 𝑋𝑡
𝑗
 data is missing 

at time t (i.e., unobserved).  In other words, only the value of 𝑋𝑡
𝑖 is known.  In this case, the 

conditional probability 𝑃𝑟(𝑋𝑡
𝑗

= 𝑙|𝑋𝑡
𝑖 = 𝑘) is used to estimate the missing data of 𝑋𝑡

𝑗
.  As a 

result, the number of cases where 𝑋𝑡
𝑖 equals k given a parents’ set j, (sʹijk), is recalculated based 

on the inferred data:  

𝑠′𝑖𝑗𝑘
(𝑃𝐴)

= 𝐸(𝑠𝑖𝑗𝑘
(𝑃𝐴)

|𝐷, 𝑓(𝐺)) = ∑ 𝑃𝑟(𝑋𝑡
(𝑖,ℎ)

= 𝑘, 𝑝𝑎𝑗|𝑋𝑡
(ℎ)

, 𝑓(𝐺) )𝑀
ℎ=1            Eq. (2.8) 

where h is an index of cases in the data D and 𝑓(𝐺) is the maximum posterior probability (MAP) 

value of 𝑓(𝐺).  The method iteratively updates the prior probability of the variable until 

convergence.  The resulting MAP represents the conditional probability of complete data Dʹ.  In 
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addition, the maximization step can use the expected counts from data Dʹ and the current 

structure to evaluate any other candidate structure that has the maximum structure score.  Eq. 

(2.7) can be rewritten as the following equation: 

𝑠𝑐𝑜𝑟𝑒′𝐵(𝐷′, 𝑋𝑡
𝑖 , 𝑃𝐴) = ∏

Γ(∑ 𝛼𝑖𝑗𝑘
(𝑃𝐴)

𝑘 )

Γ(∑ 𝛼
𝑖𝑗𝑘
(𝑃𝐴)

𝑘 +∑ 𝑠
𝑖𝑗𝑘
′(𝑃𝐴)

𝑘 )
∏

Γ(𝛼𝑖𝑗𝑘
(𝑃𝐴)

+𝑠𝑖𝑗𝑘
′(𝑃𝐴)

)

Γ(𝛼
𝑖𝑗𝑘
(𝑃𝐴)

)

𝑟𝑖
𝑘=1

𝑞(𝑃𝐴)

𝑗=1        Eq. (2.9) 

where 𝛼𝑖𝑗𝑘
(𝑃𝐴)

 is the prior that 𝑋𝑡
𝑖 is equal to k given parent set j.  As a result, it begins by learning 

all possible structures, calculating the score, and then choosing the structure with the highest 

score.  The advantage of BSEM is that prior knowledge of the node ordering is not required, 

even though the BSEM search space is relatively larger than that for the BC algorithm (Friedman 

1998).  In addition, the structure learning approach can be implemented off-line as well as on-

line. 
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CHAPTER 3 

3. PROPOSED ARCHITECTURE AND METHODOLOGY 

This chapter discusses two different drivers’ behavior modeling approaches associated 

with cognition-based decision-making under the E-BDI framework.  The first section introduces 

a dynamic learning approach for drivers using a Bayesian network (BN).  In order to represent 

the evolution of drivers’ behavior, the dynamic structure learning approach has been adopted 

with the following three assumptions: 1) the limited memory of a driver, 2) learning with 

incomplete observations of the road conditions, and 3) non-stationary road conditions.  More 

details about the proposed approach are discussed in Section 3.1.1.  The second section proposes 

an interaction behavior model between drivers in terms of knowledge sharing.  Five major 

human interaction types from social science literature have been adopted, such as 

accommodation, compromise, collaboration, avoidance, and competition.  Details are discussed 

in Section 3.2.   

 

3.1 Dynamic Learning Behavior of Drivers  

3.1.1 Dynamic Structure Learning Approach of a Bayesian Network  

As mentioned in Section 2.3, a BN dynamic structure learning approach is considered in 

the Belief module of E-BDI as the Perceptual processor to represent the evolutionary behavior of 

drivers.  The proposed dynamic structure learning approach consists of two main modules (see 

Figure 3.1): 1) the Perception module, which determines the update time interval of a BN 

structure (i.e., Δt), and 2) the Structure Learning module, which generates a BN structure with 

missing data using BSEM (Friedman 1998).  The basic concept of this approach is to create a 

robust BN based on a sufficient number of observations of the environment (e.g., road 
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conditions).  If a traffic system is gradually evolving, the BN structure must be changed to 

represent the new characteristics of the evolved transportation system.  In this case, since 

creating a new BN structure at every time t is inefficient, the proposed approach generates a new 

BN structure (i.e., structure learning of a BN) when a sufficient number of observations are 

available.  By considering the sufficient number of observations on the road conditions, the 

proposed approach can reduce the computation of the dynamic structure learning of BSEM and 

generate a robust BN.   

 

 

Figure 3.1: Dynamic structure learning approach with incomplete observations 

 

In Figure 3.1, the Perception module updates a data set Dʹ(t) based on the sufficient 

number of new observations in Dʺ(t) so as to construct a new BN.  To be specific, if Dʺ(t) has 

the sufficient number of observations (Size (Dʺ(t)) ≥ mʹ, where mʹ is the sufficient number of 

observations for the dynamic structure learning of a BN), all observed data in Dʺ(t) are 

transformed into multinomial values with k categories (i.e., discretization of all observed data).  
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Then, data set Dʹ(t) is replaced by Dʺ(t).  By defining all variables as multinomial variables, the 

proposed approach is able to consider the limited number of states in each variable so that the 

space complexity of the conditional probability in the BN is mitigated.  Once all missing values 

in Dʹ(t) are estimated, D(t) involving the estimated values is constructed.  From D(t), the 

approach calculates the scoreʹB (D(t),Gʹ(t)) for all possible BN structures and selects the most 

promising BN structure, which has the highest scoreʹB (D(t),Gʹ(t)).  More details about the 

proposed approach are discussed in the following sections. 

 

 Perception Module 

As mentioned earlier, this module determines the updating frequency of a BN structure 

(i.e., Δt) regarding the statistically sufficient number of observations to understand road 

conditions (e.g., traffic flow).  In other words, once the perception module has a sufficient 

number of observations, the proposed approach intends to construct a BN structure.   

 

3.1.1.1.1 Sufficient Number of Observations for a BN 

The sufficient number of observations for a BN is computed based on Hoeffding’s 

inequality and Information Theory.  The following lemma shows Hoeffding’s inequality to 

compute the sufficient number of observations for a random variable Y.   

 

Lemma 3.1.1 (Sufficient number of observations): Let Y1, …, Ym be i.i.d. observations such 

that �̅� = (𝑌1 + ⋯ + 𝑌m) 𝑚⁄  and Pr(𝑌i ∈ [𝑎, 𝑏]) = 1.  Then, for any 휀 > 0 with confidence 1 - δ 

in the estimate, the sufficient number of observations m satisfies the following equation: 
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𝑚 ≥
1

2 2 𝑙𝑛
2

𝛿
(𝑏 − 𝑎)2 ≥ 0                                   Eq. (3.1) 

 

Proof. According to Hoeffding’s inequality (Hoeffding 1963), for any 휀 > 0,  

 

𝑃𝑟(|�̅� − 𝐸(�̅�)| ≥ 휀) ≤ 2𝑒𝑥𝑝 (−
2𝑚2휀2

𝑚(𝑏 − 𝑎)2
) 

 

Since we want confidence 1 - δ in the estimate, we would like the right-hand side in the above to 

be at most δ (0 < δ ≤ 1).   

 

𝛿 ≥ 2𝑒𝑥𝑝 (−
2𝑚휀2

(𝑏 − 𝑎)2
) ⇔ 𝑒𝑥𝑝 (−

2𝑚휀2

(𝑏 − 𝑎)2
) ≤

𝛿

2
 

⇔
2𝑚휀2

(𝑏 − 𝑎)2
≥ 𝑙𝑛

2

𝛿
⇔ 𝑚 ≥

1

2휀2
𝑙𝑛

2

𝛿
(𝑏 − 𝑎)2 ≥ 0 

 

However, Hoeffding’s inequality is only appropriate to compute the sufficient number of 

observations when a random variable Xi is independent from other random variables.  It means 

that Hoeffding’s inequality cannot be directly used to compute the sufficient number of 

observations for child variables in a BN (i.e., attributes in E-BDI) which are influenced by 

multiple parent variables (i.e., environment variables in E-BDI) via conditional probabilities.  

Therefore, in Information Theory, the Kullback-Leibler divergence (KL-divergence) is used to 

determine the sufficient number of samples regarding the dependencies between random 

variables (Cover and Thomas 2012). 
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𝑑𝐾𝐿(𝑃, ℎ) = ∑ 𝑃(𝑥)𝑙𝑜𝑔
𝑃(𝑥)

ℎ(𝑥)𝑥∈𝑋                                   Eq. (3.2) 

 

It is the expectation of the logarithmic difference between the probabilities P and h over x.  

According to Dasgupta (1997), it is possible to calculate the error of any hypothesis distribution 

h compared to the best (or optimal) hypothesis distribution q of all the variables in a BN through 

the KL-divergence.  In this study, a case with bounded random variables is devised based on the 

theorem proposed by Zuk et al. (2012). 

 

Theorem 3.1.2 (Sufficient number of observations for a BN): Let 𝑋𝑖,1, … , 𝑋𝑖,𝑚′  be i.i.d. 

observations such that �̅�𝑖 = (𝑋𝑖,1 + ⋯ + 𝑋𝑖,𝑚′) 𝑚′⁄  and Pr(𝑋𝑖 ∈ [𝑎𝑖, 𝑏𝑖]) = 1.  Xi has k parent 

variables 𝜋𝑖 ∈ Π𝑖. 

 

𝑚′ ≥
|𝑎𝑖−𝑏𝑖|2

2 2 ln (
2|𝑎𝑖−𝑏𝑖| ∏ |𝑎𝑗−𝑏𝑗|𝑘

𝑗=1

𝛿
)                            Eq. (3.3) 

 

Proof. Let qi be the target distribution over Xi, and hi be the hypothesis distribution from mʹ 

samples.  We look for the optimal hypothesis which is close to distribution qi.  Let the KL-

divergence of xi be the following equation: 

 

𝑑𝐾𝐿(𝑃, 𝑞𝑖, ℎ𝑖) = ∑ 𝑃(𝜋𝑖)

𝜋𝑖

∑ 𝑃(𝑥𝑖|𝜋𝑖)𝑙𝑛
𝑞𝑖(𝑥𝑖|𝜋𝑖)

ℎ𝑖(𝑥𝑖|𝜋𝑖)
𝑥𝑖

 

 

If B = <G, Θ> is a BN and S is a subset of {X1, …, Xn}, then Hoeffding’s inequality can be 

rewritten as follows (Zuk et al. 2012): 
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𝑃𝐵
(𝑑)

(|�̂�𝑑(𝑆) − 𝑃𝐵(𝑆)| ≥ 휀) ≤ 2 exp (−
2휀2𝑚′

|𝑎𝑖 − 𝑏𝑖|2𝑃𝐵(𝑆)
) 

 

since |�̂�𝑑(𝑆) − 𝑃𝐵(𝑆)| holds with the desired probability, 𝛾𝑛 − 휀 ≤ 𝑃𝐵(𝑆), where ∀휀 ∈ (0, 𝛾𝑛) 

and 𝛾 = 𝑚𝑖𝑛𝑗 𝑞𝑗 > 0.  From the Lipschitz continuity property, in which the function f(x) = x ln 

(x) is Lipschitz continuous in the interval [a, 1] with Lipschitz constant ln (a + 1), the inequality 

can be rewritten as follows:  

 

𝑃𝐵
(𝑑)

(|�̂�𝑑(𝑆)𝑙𝑛�̂�𝑑(𝑆) − 𝑃𝐵(𝑆)𝑙𝑛𝑃𝐵(𝑆)| ≥ 휀[ln(𝛾𝑛 + 1)]) ≤ 2 exp (−
2휀2𝑚′

|𝑎𝑖 − 𝑏𝑖|2𝑃𝐵(𝑆)
) 

 

Noting that 𝑃𝐵(𝑆) < 1, 

 

𝑃𝐵
(𝑑)

(|�̂�𝑑(𝑆)𝑙𝑛�̂�𝑑(𝑆) − 𝑃𝐵(𝑆)𝑙𝑛𝑃𝐵(𝑆)| ≥ 휀[ln(𝛾𝑛 + 1)]) ≤ 2 exp (−
2휀2𝑚′

|𝑎𝑖 − 𝑏𝑖|2
) 

 

Let us plug the KL-divergence of xi into the above equation.  Since the number of all possible 

realizations of xi is |𝑎𝑖 − 𝑏𝑖| ∏ |𝑎𝑗 − 𝑏𝑗|𝑘
𝑗=1 , the equation can be shown as below: 

 

𝑃𝐵
(𝑑)

(|𝑑𝐾𝐿(�̂�𝑑, 𝑞𝑖 , ℎ𝑖) − 𝑑𝐾𝐿(𝑃𝑑, 𝑞𝑖, ℎ𝑖)| ≥ 𝜂|𝑎𝑖 − 𝑏𝑖| ∏|𝑎𝑗 − 𝑏𝑗|

𝑘

𝑗=1

)

≤ 2|𝑎𝑖 − 𝑏𝑖| ∏|𝑎𝑗 − 𝑏𝑗|

𝑘

𝑗=1

exp (−
2휀2𝑚′

|𝑎𝑖 − 𝑏𝑖|2
) 
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where 𝜂 = 휀[ln(𝛾𝑛 + 1)]  and ‖𝑞𝑖 − ℎ𝑖‖2 < 𝛾/2 .  From Lemma 3.1.1, we can derive the 

following equations: 

 

𝛿 ≤ 2|𝑎𝑖 − 𝑏𝑖| ∏|𝑎𝑗 − 𝑏𝑗|

𝑘

𝑗=1

exp (−
2휀2𝑚′

|𝑎𝑖 − 𝑏𝑖|2
) 

⇔
2휀2𝑚′

|𝑎𝑖 − 𝑏𝑖|2
≥ ln (

2|𝑎𝑖 − 𝑏𝑖| ∏ |𝑎𝑗 − 𝑏𝑗|𝑘
𝑗=1

𝛿
) 

⇔ 𝑚′ ≥
|𝑎𝑖 − 𝑏𝑖|

2

2휀2
ln (

2|𝑎𝑖 − 𝑏𝑖| ∏ |𝑎𝑗 − 𝑏𝑗|𝑘
𝑗=1

𝛿
) 

 

3.1.1.1.2 Discretization of Observed Data 

Once the sufficient number of observations (m′) is determined, the observations on all 

variables are discretized.  Although the original observed values from a road network can be 

either continuous or discrete, in this study, all continuous variables are discretized to reduce the 

computation of BN structure learning and its inference process.  The computation rule of 

histogram bin width (Scott 1976) is used for the discretization process so as to maintain the 

properties of the original variables.  Eq. (3.4) shows how to compute the appropriate number of 

states θi for a variable Xi (Scott 1976). 

 

𝜃𝑖 =
𝑅𝑖

𝑤𝑖
=

|𝑎𝑖−𝑏𝑖|

3.49�̂�𝑖,𝑏𝑖𝑛(𝑚′)−1 3⁄                                         Eq. (3.4) 
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where Ri is the data variation, wi is the bin width of the histogram, and �̂�𝑖,𝑏𝑖𝑛 is an estimate of the 

standard deviation of variable Xi.  Eq. (3.4) gives us the recommended number of states which 

represents the original distribution of each variable. 

 

 Structure Learning Module 

In this module, BSEM (Friedman 1998) is extended with an ordering technique to reduce 

the computational complexity of BN structure learning with incomplete observations.  The role 

of this module is to select the most probable BN structure based on the scores of possible BN 

structures (see Eq. (2.9)).  As mentioned in Section 2.3.2, BSEM consists of two steps: 1) the 

Expectation step (i.e., E-step) which estimates the probability of a missing value from observed 

data set D́(t) and completes data set D(t); and 2) the Maximization step (i.e., M-step) which finds 

a BN with the highest structure score (see Eq. (2.9)) to represent the complete data set D(t).  

Although this structure learning is known as an NP-hard problem (see Eq. (2.6)), it can be 

simplified by considering the order information of possible BN structures (Teyssier and Koller 

2012).  To be more specific, the order information is used to select several promising options 

among all possible BN structures so that the structure learning does not need to consider all the 

alternatives.  In this study, standardized coefficients computed in a multi-variate linear regression 

model are used to evaluate the significance of parent variables (i.e., a road environment 

variable).  A parent variable with a high-scale absolute standardized coefficient is considered as 

a significant variable impacting an attribute and has a high priority to be included in an 

alternative BN structure.  Since this study focuses on only single-layer BN structures involving 

parent variables (i.e., road environment variables) and child variables (attributes), it is better to 

use a simple model, such as the standardized coefficient of a multi-variate linear regression 
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model, instead of calculating the scores of all possible BN structures with Eq. (2.9).  The 

following equations show how to compute the standardized coefficient. 

𝛣 = (𝑋𝑇𝑋)−1𝑋𝑇𝑌                                         Eq. (3.5) 

𝛣𝑠
𝑇 = 𝛣𝑇 𝑆𝑋

𝑆𝑌
                                           Eq. (3.6) 

where  

𝛣 = [𝛽1, … , 𝛽𝑛]𝑇 

𝛣𝑆 = [𝛽𝑆,1, … , 𝛽𝑆,𝑛]
𝑇
 

𝑋 = [

𝑥1,1 ⋯ 𝑥1,𝑛

⋮ ⋱ ⋮
𝑥𝑚,1 ⋯ 𝑥𝑚,𝑛

] 

𝑌 = [𝑦1, … , 𝑦𝑛]𝑇 

𝑆𝑋 = [𝑠𝑥1
, … , 𝑠𝑥𝑛

]
𝑇
 

m is the number of data points and n is the number of parent variables.  Sx represents a standard 

deviation vector of parent variables.  Since the standardized coefficient is easily computed, the 

computational complexity of structure learning can be significantly reduced.  Figure 3.2 shows 

the pseudocode of ordering-based BSEM.   
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Figure 3.2: Pseudocode representation of ordering-based BSEM 

 

Figure 3.2 follows the general sequence of the BSEM (Friedman 1998) algorithm.  The 

major difference is the M-step.  Once a complete data set D(t) is constructed, BS(t) involving all 

the road environment variables and 𝑆𝑐𝑜𝑟𝑒′
𝐵(𝐷(𝑡), 𝐺𝑖(𝑡)) are computed.  Then, in the loop, the 

variable which has the highest standardized coefficient is included in a new BN structure (𝐺′𝑖(𝑡)) 

and the standardized coefficient of the selected variable i is deleted from BS(t).  If 

𝑆𝑐𝑜𝑟𝑒′
𝐵(𝐷(𝑡), 𝐺′𝑖(𝑡)) 𝜆𝑁′⁄  is higher than 𝑆𝑐𝑜𝑟𝑒′

𝐵(𝐷(𝑡), 𝐺𝑖(𝑡)) 𝜆𝑁′⁄ , then G'i(t) is selected as a 

new BN structure.  Otherwise, the existing Gi(t) is selected and the entire process is finished.  

The proposed search procedure penalizes a BN with many environment variables (N).  This is 

because adding more variables increases the inference complexity and causes an over-fitting 

problem even though it enhances the inference accuracy of the BN.  λ is a smoothing constant to 

prevent over fitting. 

 

1: Loop for l = 0, 1, 2, … until convergence 

2:   E-step: 

3:      COMPUTE the posterior Pr(Θ𝐺𝑙|𝐺𝑙, 𝐷′(𝑡)) 

4:      CONSTRUCT D(t) based on the posterior Pr(Θ𝐺𝑙|𝐺𝑙, 𝐷′(𝑡)) 

5:   M-step:  

6:      COMPUTE BS(t) and 𝑆𝑐𝑜𝑟𝑒𝐵
′ (𝐷(𝑡), 𝐺𝑙(𝑡)) 

7:      CREATE 𝐺′𝑙(𝑡) only including attributes 

8:      LOOP for i = 0, 1, 2, …, n  

9:        ADD variable 𝑖 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑖 (|𝛽𝑆,𝑖(𝑡)||𝛽𝑆,𝑖(𝑡) ∈ 𝐵𝑆(𝑡))into 𝐺′𝑙(𝑡) 

10:      DELETE 𝛽𝑆,𝑖(𝑡) from 𝐵𝑆(𝑡) 

11:      COMPUTE 𝑆𝑐𝑜𝑟𝑒𝐵
′ (𝐷(𝑡), 𝐺′𝑙(𝑡)) 𝜆𝑁′⁄   

12:      IF [𝑆𝑐𝑜𝑟𝑒𝐵
′ (𝐷(𝑡), 𝐺′𝑙(𝑡)) 𝜆𝑁′⁄ ] > [𝑆𝑐𝑜𝑟𝑒𝐵

′ (𝐷(𝑡), 𝐺𝑙(𝑡)) 𝜆𝑁⁄ ]  

13:         𝐺𝑙(𝑡) = 𝐺′𝑙(𝑡) 
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3.1.2 Experiments and Results 

In this section, the performance of the proposed BN dynamic structure learning approach 

is discussed in terms of computation time and inference accuracy.  To understand the drivers’ 

knowledge evolution over time, a decision-making behavior in a dilemma zone (DZ), where 

drivers can neither stop their vehicles safely nor go through the intersection before a traffic 

signal turns red, is observed.  A human-in-the-loop experiment involving a driving simulator was 

conducted and its details will be explained in Section 3.1.2.1.  In addition, the computation time 

and inference accuracy of the proposed approach will be discussed in Section 3.1.2.2. 

 

 Experiment Design 

To analyze a driver’s decision-making behavior in a DZ, the driving simulator at the 

Turner-Fairbank Highway Research Center of U.S. Federal Highway Administration (FHWA) 

was used.  Although situations experienced in a driving simulator are not an exact replication of 

those experienced in the real world, research shows that a driving simulator is still an appropriate 

tool to investigate critical human factors aspects of driving in a safe and controllable way (de 

Winter et al. 2012).  Moreover, a driving simulator is usually a more cost efficient and replicable 

research tool, as opposed to empirical studies that typically require higher costs complete 

individual experiments.  This aspect allows research to more readily collect data from multiple 

participants under uniform driving conditions in a less expensive way (Jeffers et al. 2015).   

To provide realistic driving experiences to participants, the driving simulator at the 

Turner-Fairbank Highway Research Center was equipped with a compact car chassis mounted on 

a six degree-of-freedom motion base (tilt, roll, and heave) (see Figure 3.3).  The compact car 

chassis included all functions of a real vehicle such as accelerating, steering, and breaking 



 

49 

 

capabilities, along with audio (e.g., driving noise) and video (e.g., side mirror) functions (Kim et 

al. 2015).  The following sections will explain the details of the experiments based on 

descriptions available in Kim et al. (2015) and Jeffers et al. (2015). 

 

 

Figure 3.3: Driving simulator used in the current study (Kim et al. 2015) 

 

3.1.2.1.1 Design Factors 

The following factors were examined while assessing the influence of the roadway 

environment on a driver’s decision-making at a DZ. 

 

 F - Facility speed limit: 40 mi/h (64.37 km/h) and 55 mi/h (88.51km/h).   

 H - Degree of driving in a hurry (hurry or not): Recommended time for a participant to 

finish a drive when in a hurry was within 22.5 minutes for the 40 mi/h (64.37 km/h) 

case and within 18.5 minutes for the 55 mi/h (88.51km/h) case.   
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 R - Presence of a red light photo enforcement camera (present or not): Four of the DZ 

intersections and eight of the non-DZ intersections had red light photo enforcement 

cameras.   

 P - Presence of a pedestrian countdown signal (present or not): In four of the DZ 

intersections and eight of non-DZ intersections, pedestrian countdown signals were 

present.   

 A - Decision of an adjacent vehicle (proceed or stop): In all of the DZ intersections and 

eight of the non-DZ intersections, an adjacent vehicle was present.   

 D - Distance to the stop line of subject vehicle (m): There was a constant recording of 

the distance to the stop line of a subject vehicle at the start of the yellow phase.   

 V - Speed of subject vehicle (m/s): A continuous recording was also made for the speed 

of the subject vehicle at the start of yellow phase. 

 

Figure 3.4 shows the 2 x 2 matrix for the between group factors (i.e., facility speed limit 

and degree of driving in a hurry).  With this design, the posted speed limit for Groups A and B 

was 40 mi/h (64.37 km/h), and that for Groups C and D was 55 mi/h (88.51km/h).  Participants 

in Groups A and C drove as they normally would, and those in Groups B and D drove in a hurry. 
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Figure 3.4: Matrix of extrinsic factors (facility speed and degree of driving in a hurry) 

 

3.1.2.1.2 Participants 

The study included 99 participants of different ages (range 19 to 82 years) and genders 

(51 males and 48 females). The participants were randomly selected from a Federal Highway 

Administration (FHWA) applicant list, which includes drivers living in the Washington, DC 

metropolitan area.  All participants had a valid driver’s license and at least 20/40 visual acuity in 

at least one eye.  

 

3.1.2.1.3 Scenario 

The simulation consisted of a four-lane roadway (two lanes in each direction) with 

signalized intersections present every 0.6 mi (0.97 km).  There was also a left turn bay for each 

direction of travel.  Each lane was 12 ft (3.66 m) wide.  The total intersection width (from stop 

bar to stop bar, including crosswalks, shoulders, curbs, and sidewalks) was 193.55 ft (58.99 m; 

see Figure 3.5).  Thus, the total mileage was approximately 14.5 mi (23.34 km).  The simulated 

environment resembled a suburban commercial area (see Figure 3.6).  Assuming participants 
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would comply with the speed limit, for those participants who had a 40 mi/h speed limit, the 

drive was approximately 22 minutes long without traffic signals and signal compliance (i.e., no 

stopping while driving).  For those participants with a 55 mi/h (88.51km/h) speed limit, the drive 

was approximately 16 minutes long, without traffic signals and signal compliance. 

 

 

Figure 3.5: Top view of simulated intersection 

 

Figure 3.6: Example of simulated environment with adjacent vehicle 
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There were 24 intersections in each drive, as detailed in Table 3.1.  Eight of the 

intersections presented a DZ, and the remaining 16 traffic signals did not.  Of the 16 non-DZ 

intersections, 2 were set to the red phase for all participants and the rest remained green 

throughout.  

 

Table 3.1: Intersection scenario descriptions used in simulated drive 

Configuration 

ID 

Signal 

Phase 

Red Light Photo 

Enforcement 

Camera 

Pedestrian 

Countdown 

Signal 

Adjacent 

Vehicle 

1 Dilemma Yes Yes Stop 

2 Dilemma Yes No Stop 

3 Dilemma No Yes Stop 

4 Dilemma No No Stop 

5 Dilemma Yes Yes Go 

6 Dilemma Yes No Go 

7 Dilemma No Yes Go 

8 Dilemma No No Go 

9 Red Yes With Peds. Stop 

10 Green Yes No Peds. Go 

11 Green Yes With Peds. No 

12 Green Yes No Peds. No 

13 Green Yes No Go 
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14 Green Yes No Go 

15 Green Yes No No 

16 Green Yes No No 

17 Green No No Peds. Go 

18 Red No With Peds. Stop 

19 Green No No Peds. No 

20 Green No With Peds. No 

21 Green No No Go 

22 Green No No Go 

23 Green No No No 

24 Green No No No 

 

The posted speed limit follows the facility speed limit based on the group assignment, as 

stated in Section 3.1.2.1.1 (i.e., 40 mi/h or 55 mi/h).  Speed limit signs were posted once every 

three intersections in the simulation.  To make all participants maintain the posted speed limit, a 

vehicle going 8 mi/h over the speed limit received a speeding ticket (see Section 3.1.2.1.4). 

The order of the 24 scenarios within a drive was pseudo-random, and there were 4 

different scenario orders (Order I - Order IV).  The same four scenario orders were replicated 

with the two speed limits (40 mi/h and 55 mi/h) for a total of eight different simulation designs.  

Within each of the groups, 6 of the 24 participants received each order (see Table 3.2).   

 

Table 3.2: Description of scenario orders 

Sequence Configuration ID 
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Order I Order II Order III Order IV 

1 12 16 20 12 

2 18 9 18 9 

3 4 7 1 6 

4 13 19 21 24 

5 2 5 3 8 

6 23 23 15 11 

7 9 22 17 14 

8 5 3 8 2 

9 19 20 11 13 

10 16 10 24 23 

11 22 21 14 18 

12 7 1 6 4 

13 20 24 12 20 

14 10 11 10 22 

15 1 6 4 7 

16 21 17 13 16 

17 3 8 2 5 

18 15 15 23 19 

19 17 14 9 10 

20 11 12 19 21 

21 8 2 5 3 

22 24 18 16 15 



 

56 

 

23 6 4 7 1 

24 14 13 22 17 

 

The order of the intersections was different for different participants, but for any one 

participant, the same order was used for each of the three drives.  Hence, each driver encountered 

a total of 24 DZs during a data collection session. 

The distance at which DZs were triggered depended on the facility speed limit.  For the 

40 mi/h (64.37 km/h) case, the DZ triggered when the driver was 852.30 ft (259.78 m) from the 

stop bar, and the signal turned yellow 10 s later.  The yellow phase lasted 4 s, and the red phase 

lasted 38 s.  For the 55 mi/h (88.51 km/h) case, the DZ triggered when the driver was 812.20 ft 

(247.56 m) from the stop bar, and the signal turned yellow 5 s later.  The yellow phase lasted 5 s, 

and the red phase lasted 15 s.  The duration of the yellow phase in both cases met the guidelines 

established in the Traffic Engineering Handbook (Kraft 2009).  The period of time from when 

the DZ was triggered until the onset of the yellow phase incorporated the pedestrian countdown 

signal timing.  The pedestrian countdown started at 9 s and 4 s to the stop bar for the 40 mi/h 

(64.37 km/h) and 55 mi/h (88.51 km/h) cases, respectively. 

 

3.1.2.1.4 Instructions 

Researchers verbally informed participants of the instructions before each drive, 

including before the practice drive.  All participants were reminded of the posted speed limit and 

were asked to stay in the right lane and not change lanes.  Participants were offered a $10.00 

bonus, as described below, in addition to the $80.00 they received for participation (Jeffers et al. 

2015). 
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To advise participants of aerial speed enforcement and red light photo enforcement in the 

scenarios, the following was read to them: 

 

“You have been told by a friend that this road has aerial speed enforcement.  Your friend 

received a ticket for going 8 mi/h over the speed limit.  If you receive a speeding ticket, 

you will be charged a fee of $1.00 from your overall bonus amount.  

There will also be red light photo enforcement at some of the intersections.  The red 

light photo enforcement camera is triggered if your vehicle enters the intersection after 

the signal has turned to red.  If you commit a red light violation at these intersections, 

then you will lose $0.50 per violation from your overall bonus amount.” 

 

If the drivers were to be in a hurry, then researchers also read the following to advise 

them of penalties if they did not meet their expected completion time (18.5 minutes for the 55 

mi/h (88.51 km/h) group and 22.5 minutes for the 40 mi/h (64.37 km/h) group). 

 

“You are running late for a doctor’s appointment.  If you finish the simulation in 

__minutes, then you will arrive on time for the appointment.  However, if you arrive late 

for the appointment, then you will be charged a late fee of $1.00 from your overall bonus 

amount.” 

 

As listed above, deductions occurred if drivers were late or speeding.  For the speeding 

deduction in the 40 mi/h (64.37 km/h) case, participants needed to drive 45 mi/h (72.42 km/h) or 

more for at least 30 seconds.  For the speeding deduction in the 50 mi/h (88.51 km/h) case, 



 

58 

 

participants needed to drive 60 mi/h (96.56 km/h) or more for at least 20 seconds.  In addition, 

drivers received a $1.00 deduction if they ever changed lanes.  Participants were not penalized 

beyond the $10.00 bonus they were originally offered. 

 

3.1.2.1.5 Post-Participation Survey 

Drivers completed a post-participation questionnaire that focused on capturing the 

realism of their observed actions in the simulation, a subset of which is included below with 

respective outcomes (underlining not originally included in the questionnaire).  The authors 

believe these results directly quantify the validity of drivers’ decisions in the simulated 

environment to the extent that self-reported measures should be applied (Jeffers et al. 2015).  

1. Was your behavior in response to the red light camera similar to what you would have 

done in the real world? (Yes/No) – Ninety-four percent of drivers believed their response 

in relation to the red light photo enforcement camera was similar to what they would 

have done in the real world.  

2. Was your behavior in response to the pedestrian countdown signal similar to what you 

would have done in the real world? (Yes/No) – Eighty-six percent of drivers believed 

their response in relation to the pedestrian countdown signal was similar to what they 

would have done in the real world. 

3. Was your behavior in response to the adjacent vehicle similar to what you would have 

done in the real world? (Yes/No) – Eighty-four percent of drivers believed their response 

in relation to the adjacent vehicle was similar to what they would have done in the real 

world. 
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3.1.2.1.6 Empirical Study Results 

Table 3.3 shows observed behaviors of drivers in a DZ and the parentheses represent the 

range of observed values (left value is the observed minimum value and right value is the 

observed maximum value). 

 

Table 3.3: Summary of observed behaviors in a DZ 

Subject 

Group A 

(40 mi/h / 

No hurry) 

Group B 

(40 mi/h / 

In a hurry) 

Group C 

(55 mi/h / 

No hurry) 

Group D 

(55 mi/h / 

In a hurry) 

Number of 

participants 

22 27 25 25 

Approaching 

speed (m/s) 

(10.99, 21.97) (9.95, 21.91) (17.52, 29.00) (21.00, 30.90) 

Acceleration 

(m/s2) 

(0.07, 0.18) (0.16, 0.34) (0.05, 0.12) (0.09, 0.31) 

Deceleration 

(m/s2) 

(-1.84, -1.57) (-2.51, -1.78) (-1.12, -0.71) (-1.30, -0.93) 

Distance to 

stop line (m) 

(68.60, 323.40) (71.10, 389.00) (223.20, 417.20) (258.60, 427.70) 

Stopping 

probability (%) 

81.06 40.90 98.17 48.67 

 

Subject vehicle’s approaching speed and distance to a stop line shown in Table 3.3 
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increase with the facility speed limit.  In fact, a vehicle with a high approaching speed tends to 

have a low stopping probability (Gazis et al. 1960).  More details about this relationship are 

shown in Figure 3.7.  Under the given distance to a stop line, participants in Groups C and D 

have lower stopping probabilities than those who are in Groups A and B.  In addition, 

participants driving in a hurry (i.e., Groups B and D) are likely to have a lower stopping 

probability than the other drivers who are not under time pressure (i.e., Groups A and C).   

 

 

Figure 3.7: Stopping probability diagram in a DZ 

 

Moreover, the results shown in Figure 3.7 imply that the financial penalty described by 

the researchers succeeded in creating time pressure for the drivers, and being in a hurry (i.e., 

Group B and Group D) significantly increased the probability of a driver proceeding through a 

DZ intersection.  

In addition, as mentioned in Section 3.1.2.1, we conducted three experiments with the 

same participants and configurations of intersections.  We constructed a BN for each driving 
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trial; the results are shown in Figure 3.8.  Interestingly, each trial had a different BN structure, 

even though each driver drove over the same road environment.  This means the drivers changed 

their knowledge and behavior over multiple trials, which is called learning behavior.   

 

Figure 3.8: BN structures over the trials 
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In Figure 3.8, the probability of proceeding through a DZ intersection increases with the number 

of trials.  Since participants were becoming familiar with the road environment over the trials, 

they tended to go through the DZ intersection because they knew when the traffic signal would 

turn red.  In the first trial (see Figure 3.8(a)), the participants made decisions based on three 

factors, the vehicle’s distance to the stop line, the vehicle’s approaching speed, and the presence 

of a red light enforcement camera.  In fact, it was easier to obtain this information than the other 

two factors (i.e., presence of a pedestrian countdown signal and the decision of an adjacent 

vehicle) since the information could be conveyed by a sign on the road (e.g., red light 

enforcement camera sign) or by the participants themselves (e.g., the distance to the stop line and 

the vehicle speed).   

However, in the second trial, participants tended to go through the intersection.  This is 

because some of the participants remembered the configurations of the intersections, such as the 

presence of a pedestrian countdown signal and the decision of an adjacent vehicle, so that they 

were able to make the decision easily.  According to the post-participation survey, 86 percent of 

the participants replied that they could predict the traffic signal timing via the pedestrian 

countdown signal.  Similarly, in the third trial, participants had a high probability of proceeding.  

The difference was that the participants mainly cared about the decision of the adjacent vehicle, 

along with the distance to the stop line and the vehicle speed.  In fact, participants observed the 

behavior of adjacent vehicles while driving and utilized the information to make a decision in the 

DZ.  This is because the participants learned that there was no red light violation penalty when 

the adjacent vehicles went through the DZ.  Since participants wanted to reduce their travel time 

without paying any violation penalty or late fees, they followed the adjacent vehicles’ decisions.  
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In fact, collected fees at the first, second, and third drives were $49, $36, and $35, respectively. 

 

 Performance Analysis of the Dynamic Structure Learning 

In this section, we used the three BN structures of real drivers as true BN structures (see 

Figure 3.8).  To be more specific, the simulation generated observation data based on the three 

true BN structures over time.  In the simulation, we assumed that there was a driver agent which 

observed the states of each variable at simulation time t, and the true BN structure changed every 

2,000 simulation time increments (i.e., the first phase was from 0 to 2,000, the second phase was 

from 2,000 to 4,000, and the third phase was from 4,000 to 6,000; see Figure 3.9).  Thus, a non-

stationary environment was implemented in the simulation.   

Based on observations generated by the true BN structures, the proposed dynamic 

structure learning approach constructed new BN structures during the experiments.  To measure 

inference accuracy of BN structures generated by the proposed approach, the inference error 

(i.e., probability of incorrect inferences) was computed.  For example, if a true BN structure in 

Figure 3.8 infers a state of an attribute (i.e., decision) as proceed but a BN structure generated by 

the proposed approach infers a state of an attribute as stop, then it is counted as an incorrect 

inference case. Otherwise, the case is considered as a correct inference case.  After completing 

all the inference trials, the counted value was divided by the number of inference trials to 

compute the inference error of BN structures generated by the proposed approach.  In this 

experiment, the sufficient number of observations (m′) was determined via Eq. (3.3) under a 0.95 

confidence level (1 - δ) and 0.1 error (ε).   
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Figure 3.9: Comparison of average error 

 

Figure 3.9 shows the comparison of the inference errors between the proposed approach 

and BSEM.  Before time 1,512, both graphs have similar inference errors about the drivers’ 

decisions since both approaches have insufficient observations (the average error of the proposed 

approach was 0.023 and the average error of BSEM was 0.022).  However, the BSEM algorithm 

has a slightly lower inference error than the proposed approach between time 1,512 and time 

2,000.  The average error of the proposed approach was 0.017 and the average error of BSEM 

was 0.014.   This is because the BSEM considers more observations than those of the proposed 

framework.  Generally, according to Hoeffding’s inequality (see Eq. (3.1)), considering many 

observations helps to generate a robust BN that has a low inference error.   

However, under the non-stationary system, the past observations before the system 

changed may construct an incorrect BN structure that cannot explain the changed road 

environment.  Thus, the inference error of the BSEM algorithm worsens as the road environment 

evolves over time.  Considering the trends of the inference errors in Figure 3.9(b), the BSEM 

algorithm requires more time to reduce the inference errors as the system evolves.  Although the 



 

65 

 

inference error converges before time 1,000 in the first phase, the minimum errors at the end of 

the other phases keep increasing (i.e., 0.005, 0.152, and 0.284, respectively).  This is because the 

BSEM algorithm requires more new observations in order to ignore the impact caused by past 

observations. 

On the other hand, the proposed approach is not influenced by past observations.  To be 

more specific, it does not require additional data to illuminate the impact of past data since the 

proposed approach has the property of forgetting past observations (the numbers of sufficient 

observations given by Eq. (3.3) under the three different BN structures were 1,512, 1,651, and 

1,512, respectively).  Thus, the proposed approach has better inference accuracy than the BSEM 

algorithm after conducting the structure learning at time 3,163 and at time 4,675.  In this case, 

the proposed approach has 0.016 inference error in the second phase and 0.060 inference error in 

the third phase.  On the other hand, the average inference error of BSEM is 0.220 in the second 

phase and 0.369 in the third phase.   

Nevertheless, the proposed approach has high inference errors before conducting the 

structure learning after the system change.  The inference error is higher than average, especially 

from time 2,000 to time 3,162, since the proposed approach uses a BN constructed using 

observations before time 1,512 in order to explain the drivers’ decisions.  Similarly, between time 

4,000 and time 4,674, the proposed approach has a high inference error because it is using an 

outdated BN structure.  Nevertheless, after constructing a BN with new observations, the 

inference error decreases and converges.  We note that all inference errors during the second 

phase are less than ε (= 0.1) and most inference errors during the third phase are less than ε (= 

0.1) with a 0.95 confidence level.  Thus, we can conclude that the proposed approach can give us 

accurate inference results below the given confidence level (1 - δ) and error ε.  In other words, 
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the proposed approach can be used to mimic drivers’ learning behaviors under dynamic road 

conditions, which helps traffic engineers to accurately evaluate the performance (e.g., travel 

time) of traffic control policies.   

Figure 3.10 reveals the average computation time of the proposed approach and BSEM, 

respectively.  Both experiments were conducted on a PC with an Intel® Core 2 Duo P8400 

processor at 2.26 GHz.  For comparison, we assumed that BSEM was executed at every time t to 

capture the dynamic changes of the BN structures.  In addition, the proposed approach was also 

conducted at every time t until a sufficient amount of data was available (i.e., warm-up period).   

 

 

Figure 3.10: Comparison of average computation time 

 

In Figure 3.10(b), the computation time of BSEM increases linearly.  Actually, Figure 

3.10(a) has a similar trend during the warm-up period (from time 0 to time 1,511) because of the 

experiment setting.  Considering that the observed data is updated at every time t, BSEM needs 

to use more data than the previous time, t – 1, to construct a new BN at time t.  On the other 

hand, the proposed framework only considers the sufficient amount of data given by Eq. (3.3) so 
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that its computation time is lower than the BSEM algorithm.  The average computation of BSEM 

from time 1,512 to time 6,000 is 0.028 seconds, and the average computation of the proposed 

framework is 0.005 seconds.  Further, since the proposed framework only tries to construct a 

new BN when a sufficient amount of data is available, we can observe two spikes (i.e., at time 

3,163 and at time 4,675), which have a higher computation time than average in Figure 3.10(a).  

As a result, considering the aforementioned experimental results, we can conclude that the 

proposed approach is effective in modeling realistic learning behaviors of drivers under dynamic 

road conditions. 

 

3.1.3 Section Conclusion and Summary  

In this section, we proposed a BN dynamic structure learning approach to mimic drivers’ 

perception and reasoning behavior.  The proposed dynamic structure learning approach 

considered the following three assumptions: 1) the limited memory of a driver, 2) learning with 

incomplete observations of the road conditions, and 3) non-stationary road conditions.  Based on 

these assumptions, we developed a robust BN which could handle the evolution of the 

probabilities and dependencies between variables under dynamic road conditions.  In order to 

understand real drivers’ perception and inference processes at an intersection, a human-in-the-

loop experiment via a virtual reality driving simulator was conducted.  The collected responses 

of participants were used to validate the proposed approach.  The validation results revealed that 

the proposed approach had a lower average computation time than the existing BSEM algorithm.  

With the evolved road environment, the proposed approach could generate a more accurate BN 

model than the BSEM approach because it only considered the latest observations generated by 

the changed road environment.  This capability will help traffic engineers predict drivers’ 
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behaviors and evaluate performance (e.g., travel time and roadway safety) of a road network 

under dynamic road conditions.   

 

3.2 Drivers’ Interaction Behavior Modeling under the E-BDI Framework   

3.2.1 En Route Planning Model 

In reality, en route planning frequently occurs when a roadway is blocked by unexpected 

events such as car incidents or roadway constructions.  This is because drivers intend to reach 

their destination within their expected travel time (e.g., arriving on time at work or school).  In 

fact, by modeling realistic en route planning behaviors of drivers, a traffic system involving the 

unexpected events can be evaluated accurately (France and Ghorbani 2003).  This study adopts 

the E-BDI framework (Lee et al. 2010) introduced in Section 2.2 to illustrate realistic en route 

planning behaviors of drivers regarding their uncertain perception and reasoning processes.  The 

E-BDI framework adopts three algorithms: a Bayesian network (BN), the Extended Decision 

Field Theory (EDFT), and the Probabilistic Depth First Search (PDFS).  Especially the BN 

conducts probabilistic inference about attributes’ states (e.g., states of travel time or travel time 

variance) whether driver has incomplete knowledge or complete knowledge about a road 

network.  Figure 3.11 shows the pseudocode of E-BDI-based en route planning procedure 

involving the three major algorithms implemented in the E-BDI framework. 
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Figure 3.11: E-BDI-based en route planning algorithm (Kim et al. 2012; Lee et al. 2010) 

 

In the E-BDI framework, the PDFS selects a link at each node (e.g., an interaction) based 

on choice probabilities of alternative links and generates a route plan from the current node to the 

destination node.  The choice probabilities of links in a road network are calculated via the 

EDFT and BN algorithms.  This computation process begins with driver’s perception on road 

conditions.  Figure 3.12 shows an exemplary BN structure of a driver.  Let’s assume that a driver 

considers two attributes (i.e., travel time and its variance) and three road environment variables 

(e.g., attributes and distance to destination, free flow speed, and traffic flow).  All the variables 

are binaries and the two attributes are influenced by drivers’ perceptions on the road environment 

1:  CALL PDFS to generate a route plan 

2:    SET a current intersection v as a staring node of ROUTE PLAN S 

3:    SET a planning horizon q as a zero 

4:    REPEAT 

5:       SET t is the latest intersection of S and ADD one to q 

6:       IF t is a destination or q is the same as the given number of planning horizons 

THEN return S 

7:       CALL BN and EDFT to calculate choice probability for all connected PATHs 

of t 

8:       FOR the all connected PATHs  

9:          IF a PATH has been selected THEN set a choice probability as zero 

CONTINUE with the next PATH  

10:        SELECT a PATH based on the probability distribution given by BN and 

EDFT 

11:        SET w as an adjacent intersection 

12:        IF w is not discovered and not explored  

13:           SET a PATH as tree edge and w as discovered 

14:           ADD w to S as a latest intersection and CONTINUE at line 5 

15:        ELSEIF w is discovered 

16:           SET a PATH as back edge 

17:        ELSE 

18:           SET a PATH as forward edge  

19:        SET t as explored 

20:        DELETE t from S 

21:  UNTIL S is not empty 
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variables.  For each path at an intersection, the BN infers states of the two considered attributes 

via conditional probabilities between variables.  For example, if the observations on free flow 

speed, traffic flow, and distance from destination are low, high, and long, respectively, a path 

tends to have long travel time.  In this case, 2.0 is assigned as the attribute’s value.  Otherwise, 

the value of travel time is set as 1.0.  Similarly, the state of travel time variance is inferred based 

on observations on the road environment variables and its value is assigned (Kim et al. 2014).  

 

 

Figure 3.12: Bayesian network (BN) of a driver (Kim et al. 2014) 

 

The assigned values of attributes are used as input for EDFT to compute preference 

values for all the connected paths at an intersection (Lee et al. 2010).  Originally, Decision Field 

Theory (DFT) is devised to provide a mathematical framework to analyze a human’s cognition-

based decision-making under uncertainty regarding the principles of psychology (Busemeyer and 

Diederich 2002).  It depicts a dynamic evolution of preferences among options during the 

deliberation time (TD) using a linear system formulation.  To be more specific, it updates 

preferences of options based on observed values of attributes over time, and then selects an 
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option with the highest preference value after it has spent a certain amount of deliberation time 

(Lee et al. 2008). 

𝐾(𝑡 + ℎ) = 𝑆𝐾(𝑡) + 𝐶𝑀(𝑡 + ℎ)𝑊(𝑡 + ℎ)                             Eq. (3.7) 

A detailed explanation of each component is listed as follows: 

 K(t) is a m×1 vector representing preference on each of the m options at time t (t<TD), 

where TD is the final decision time and h is the time step. 

 M(t) (m×n matrix, where m is the number of options and n is the number of attributes for 

each option) is the value of the matrix representing a decision-maker’s subjective 

perception on each attribute for each option at time t.   

 W(t) is a n×1 vector that allocates weight to each attribute at time t.  The weight vector 

reflects the attention of the decision-makers on each attribute.  

 S (m×m matrix) is the stability matrix in which the diagonal elements represent the 

memory effect from the previous preference state, and the off-diagonal elements denote 

the inhibitory interactions among the competing options.  For instance, if sii = 0.9 and sij 

= −0.01, this means that the memory effect decays slowly and there is no significant 

interaction between options.  To maintain the stability of this linear system, the 

eigenvalues λi of S are assumed to be less than one in magnitude (|λi | < 1).   

 C (n×n matrix) is the contrast matrix comparing the weighted evaluations of each option, 

M(t)W(t).  In the contrast matrix, cii = 1 and cij = −1/(n− 1) for i ≠ j, where n is the 

number of options.  Thus, increasing a preference for one option will decrease the 

preference for the alternative options.     
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In this study, the time t in EDFT is used as the number of preference value computations 

instead of the physical deliberation time of drivers (i.e., physical time is stopped during the 

EDFT computation).  Figure 3.13 shows a preference computation example of three options via 

EDFT when M(t)W(t) equals to the following matrices.   

 

𝑀(𝑡)𝑊(𝑡) = [
2.0 1.0
1.0 2.0
1.0 1.0

] [
𝑢𝑛𝑖𝑓𝑜𝑟𝑚(0.6, 0.8)

1 − 𝑤2(𝑡 + 1)
]                           Eq. (3.8) 

 

 

Figure 3.13: Example of preference computations via EDFT 

 

In Figure 3.13, preference values of three options are updated over computations and converged 

to certain points.  At t = 28, the option 1 is selected because its preference value is greater than 

given threshold (i.e., 6.0).  In fact, at each intersection, EDFT repeats this selection procedure 

multiple times with different M(t) to achieve the statistically convincing inference results of BN.  
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Then, the counted numbers are normalized and converged to choice probabilities of the three 

options.     

Actually, there are three major advantages of EDFT in the modeling of the decision-

making for the behavior of drivers.  First, it provides evolution trajectories of preferences within 

the final decision time (TD) so that researchers are able to understand the details of a driver’s 

reasoning process (see Figure 3.13).  Second, multiple attributes with different weights can be 

considered via M(t)W(t).  Third, a correlation between options is regarded via the contrast matrix 

(C).  Thus, it selects an option that has a relatively higher preference value than those of other 

options.  Owing to these modeling capabilities of EDFT, it is able to accurately represent the 

reasoning process of drivers.   

As mentioned before, the choice probabilities obtained by EDFT are used in PDFS to 

create a route.  A role of the choice probabilities in PDFS is a direction guide to find the 

destination node (i.e., an informed search process).  After selecting a path, the planning horizon 

of PDFS moves onto the next stage to select a next path.  Then, the entire computation procedure 

of the choice probabilities involving the EDFT and BN algorithms is repeated at the next 

intersection.  As a result, the PDFS algorithm generates an en-route plan with multiple links.  An 

exemplary en route planning process is depicted in Figure 3.14.  
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Figure 3.14: Process of an en route plan generation via PDFS (Kim et al. 2012) 

 

Assuming a driver starts from node 1, at the 1st stage, the driver needs to select link (1, 2) 

since there is only one link to the destination.  At the 2nd stage, the driver has to choose one link 

among the three links: link (2, 1;option 1), link (2, 3;option 2), and link (2, 4;option 3).  Choice 

probabilities of the three links are computed according to the aforementioned procedure of the E-

BDI framework.  In this case, since link (2, 3) has the highest choice probability, the driver is 

likely to choose link (2, 3) as his route at the 2nd stage.  The selected link cannot be an alternative 

of the route planning at next stage (i.e., set zero choice probability for the selected link).  At the 

3rd stage, only one link is available so that link (3, 4) is included in the route plan.  At the 4th 



 

75 

 

stage, EDFT in conjunction with BN computes choice probabilities of four links: link (4, 

2;option 1), link (4, 3;option 2), link (4, 5;option 3), and link (4, 6;option 4).  PDFS selects link 

(4, 6) as a route at the 4th stage.  However, other links such as link (4, 5) is still able to be 

selected with 15% choice probability.  If a link creates a loop during the route planning process, 

the PDFS ignores the link related to the loop (i.e., link (4, 2) at the 4th stage).  At the 5th stage, 

only one link is available so that link (6, 7) is selected as the 5th stage path.  This process ends 

until the driver has selected multi-stage links to the destination node (i.e., node 7).  The driver’s 

physical location is never changed during the en route planning.  

 

3.2.2 Interaction Model  

The en route planning under the E-BDI framework is incorporated with human 

interaction behavior (a communication between people or actions of people that affect others) in 

a dynamic traffic environment.  The human interaction has served as a survival function that 

offers better choices to a certain problem for both individuals and groups via sharing their 

knowledge and experiences (Heath and Bryant 2013; Lennard and Bernstein 1969).  In addition, 

it contributes to establishing uniform (or non-conflictual) social norms and behaviors, which 

mitigates social conflict (Lennard and Bernstein 1969).  According to Thomas (1976), since each 

individual considers his or her own benefit while interacting with others, the interaction behavior 

is not always the same.  In fact, there are various types of interactions namely collaboration, 

compromise, competition, accommodation, and avoidance.  Collaboration entails identifying and 

achieving the mutual goal of people.  In collaboration, individuals are willing to share their own 

knowledge and receive information from each other to satisfy the interest of both parties.  On the 

other hand, competition emphasizes achieving each individual’s own goal without helping each 
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other under limited resources (i.e., a win-lose paradigm).  In compromise, people tend to 

exchange resources partially to maximize each one’s outcome.  It can be described as a 

negotiating process in multi-agent systems (Zlotkin and Rosenschein 1991).  If an individual is 

willing to learn from others, it can be illustrated as accommodation.  In accommodation, the 

more unassertive one sometimes sacrifices its own interest for the other one’s interest.  If 

benefits of interaction are trivial or the interaction costs outweigh the benefits then people take 

the avoidance. 

Based on the motivation of interaction, the aforementioned five types of interaction are 

categorized into two groups: 1) information exchange interaction, which includes collaboration, 

comprise, and accommodation and 2) non-information exchange interaction involving 

competition and avoidance.  The information exchange interaction occurs when an agent is 

willing to share its knowledge and needs more information from others to achieve its own goal.  

On the other hand, if the agent is not willing to share its knowledge with others, the non-

information exchange interaction is occurred.  More details of the interaction process will be 

illustrated in the following subsections.  

 

 Information Exchange Interaction 

Regarding Thomas (1976)’s research, this study categorizes the interaction types based 

on the sharing index (SI), which represents tendency to help others for achieving one’s personal 

goal.  In general, SI is known as personal element associated with social responsibility, mastery, 

and helping efficiency (Amato 1990).  In this study, SI is assumed to be a three-level variable 

(low, medium, and high) to address the agents’ willingness to share its knowledge with other 

agents.  Table 3.4 shows information exchange interaction categorized by SI.   
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Table 3.4: Characteristics of information exchange interaction 

Interaction Type Sharing Index Information 

Exchange Initiator Acceptor 

Collaboration High High Two-way 

Compromise Medium Medium Two-way; Partial 

Accommodation Low High One-way 

 

As mentioned in Section 2.2, agents make a decision based on their own knowledge.  

They tend to successfully achieve their own goal if they have more knowledge associated with 

their own goals (e.g., road conditions to find the shortest route).  Therefore, agents who do not 

have enough knowledge want to gain information by interacting with others.  This interaction 

desire can be captured via the E-BDI framework.  The agent’s desire for interaction is triggered 

by a low CI value in the E-BDI framework (see Eq. (2.4)), and it is denoted as an initiator of the 

interaction.  The initiator will look for a possible interacting partner (i.e., an acceptor).  Once the 

initiator finds the acceptor who has high or medium SI value then they will decide an interaction 

type based on their SI values.  For instance, the acceptor takes collaboration interaction when the 

initiator has a high SI value and takes accommodation when the initiator has a low SI value.  If 

the both have medium SI values, then they take compromise interaction.  In the E-BDI 

framework, these three types of interactions are achieved by the following information-

exchanging methods.  Each agent has perceived information called environmental variables (e.g., 

a level of traffic flow, a speed limit, and number of lanes) and attributes (e.g., travel time and its 

variance) which is inferred by BN based on the environmental variables.  Thus, once an agent 

exchanges its knowledge on the environmental variables through interactions, the attributes’ 
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values of the agent are changed.  Let G be a set of environmental variables and 𝑥𝑟
𝑖 (𝑡) be a 

perceived information value of driver i on a variable r(r ∈ G) at time t.  

 

 Accommodation 

In this case, the initiator (agent 1) ignores all of his or her experience and fully trusts the 

acceptor (agent 2).  This is because the acceptor (agent 2) has more information about a variable 

r and is willing to share with agent 1 while initiator (agent 1) does not have enough information 

about a variable r and is willing to accept agent 2 perception.  Knowledge of the two agents for 

variable r at time t is given in Eq. (3.9) and Eq. (3.10).   

𝑥𝑟
1(𝑡) = 𝑥𝑟

2(𝑡 − ∆𝑡)                                                  Eq. (3.9) 

𝑥𝑟
2(𝑡) = 𝑥𝑟

2(𝑡 − ∆𝑡)                                                Eq. (3.10) 

As a result, the both agents have the same information.  A typical example of 

accommodation in the route choice problem is that a driver turns to a GPS or a radio information 

center for the route information.  This is a one-way interaction because the driver does not 

respond to the navigation system. 

 

 Collaboration 

In this case, the initiator (agent 1) and acceptor (agent 2) have information about a 

variable r and are willing to share with other agents.  Underlying assumption of the proposed 

interactions model is that both agents’ knowledge will be affected by each other’s confidence 

level.  To be specific, the agent with higher CI value has more influence on the other when they 

exchange information during this interaction.  The two agents’ knowledge on the variable r are 

given in Eq. (3.11).   
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𝑥𝑟
1(𝑡) = 𝑥𝑟

2(𝑡) =
𝐶𝐼1(𝑡)𝑥𝑟

1(𝑡−∆𝑡)+𝐶𝐼2(𝑡)𝑥𝑟
2(𝑡−∆𝑡)

𝐶𝐼1(𝑡)+𝐶𝐼2(𝑡)
                     Eq. (3.11) 

For example, drivers of commercial vehicles, such as hazmat trucks, taxis, and delivery vehicles 

share road information or knowledge with each other, which helps everyone to achieve their own 

goal.  Collaboration is two-way interaction because both agents not only receive but also provide 

information. 

 

 Compromise 

In this interaction, to enhance inference accuracy on attributes, each agent tries to update 

the most inaccurate information in one’s knowledge set.  Let an initiator have inaccurate 

information of an environment variable r then r is selected as a target variable for information 

exchange via the following equation: 

𝑟 = argmin
𝑟

{|𝑚𝑟(𝑡) − 𝑚𝑟(𝑡 − ∆𝑡)|}                                 Eq. (3.12) 

Once the target variable is selected, it follows the same procedure described in collaboration 

interaction (see Eq. (3.11)).  However, unlike collaboration, sharing entire knowledge between 

agents, compromise only exchanges information of the selected variable r.  This interaction is 

likely to be observed when both agents have different goals.  For example, if there are two 

drivers who work for different companies, then both drivers will take compromise interaction 

since they have their own purpose of driving (e.g., driving safety vs. driving time).  In this case, a 

driver who cares about driving safety tends to communicate with the other drivers to get valuable 

information (e.g., road safety information) by providing relatively insignificant information to 

others (e.g., travel time). 

 

 Non-Information Exchange Interactions 
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Unlike the three types of information exchange interactions, competition, and avoidance 

are usually resulted from agents’ achieving tendency and limited resources.  If a shared resource 

is critical for an agent to achieve his or her goal then he or she will have to compete with other 

agents.  Otherwise, if the resource is trivial and costs more than its benefit, then the agent will 

choose to give up, which is defined as avoidance.  In the driver’s route choice problem 

considered in this work, when two drivers arrive at an intersection and decide to choose the same 

road as their next path, they will have to compete with each other for the limited road capacity. 

In this work, we employ a discrete game to demonstrate the competition.  Assuming 

there are multiple paths from an intersection, we consider a game with two (2) players and a 

payoff table as shown in Table 3.5.  For player k (k = 1, 2), there are two possible strategies: 1) 

choose the planned path PP or 2) choose a different path DPo.  The payoff of each mixed 

strategy for each player is the expected speed on the chosen paths.  If both players refuse to 

change their original plans, their expected speed will be decreased due to the high vehicle density.  

Eq. (3.13) is travel time TTx,k(t) on path x for the agent k. 

𝑇𝑇𝑥,𝑘(𝑡) =
𝑁𝑉𝑥,𝑘(𝑡)

𝑇𝐹𝑥,𝑘
                                           Eq. (3.13) 

where NVx,k(t) is the number of vehicles and TFx,k is the traffic flow rate on the path x perceived 

by agent k at time t. 

Each mixed strategy will result in a different vehicle density on the selected paths, which 

in turn affect the travel time.  For example, if both players select the planned path PP then 

number of vehicles on path PP will increase by 2.  It is noted that the equilibrium may not exist 

for the game.  In this case, we first find the two mixed strategies that minimize each player’s 

travel time, and then choose the one with less added up travel time of both players.  If both 

players give up on the path PP, then the result of the game is avoidance. 
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Table 3.5: Payoff table for players in competition 

 PP DP2 

PP (
𝑁𝑉𝑃𝑃+2

𝑇𝐹𝑃𝑃+∆𝑇𝐹𝑃𝑃
, 

𝑁𝑉𝑃𝑃+2

𝑇𝐹𝑃𝑃+∆𝑇𝐹𝑃𝑃
) (

𝑁𝑉𝑃𝑃+1

𝑇𝐹𝑃𝑃+∆𝑇𝐹𝑃𝑃
, 

𝑁𝑉𝐷𝑃2+1

𝑇𝐹𝐷𝑃2+∆𝑇𝐹𝐷𝑃2

) 

DP1 (
𝑁𝑉𝐷𝑃1+1

𝑇𝐹𝐷𝑃1+∆𝑇𝐹𝐷𝑃1

, 
𝑁𝑉𝑃𝑃+1

𝑇𝐹𝑃𝑃+∆𝑇𝐹𝑃𝑃
) (

𝑁𝑉𝐷𝑃1+1

𝑇𝐹𝐷𝑃1+∆𝑇𝐹𝐷𝑃1

, 
𝑁𝑉𝐷𝑃2+1

𝑇𝐹𝐷𝑃2+∆𝑇𝐹𝐷𝑃2

) 

 

3.2.3 Experiments and Results 

The proposed interaction models are demonstrated with an en route planning problem in 

hazardous material (hazmat) transportation in Albany, New York.  The considered traffic 

network is comprised of 22 nodes and 30 links as shown in Figure 3.15.  In this study, we 

consider three environmental variables on each link that can be perceived by the driver agents 

and affect their path choices: free flow travel time, traffic flow rate, and hazmat truck frequency.  

Based on the collected data shown in Figure 3.15, the ABS model has been developed in 

AnyLogic 6.8.0 software. 
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Figure 3.15: Road map of Albany 

 

In order to show the effect of interaction on a driver’s behavior and learning process, 

this section mainly focus on total travel time and confidence index.  Two experiments are 

conducted with a regular traffic flow rate (22,000 vehicles per day) among three types of agents 

based on the proposed model.  In each experiment, the total number of driver agents is 750 (each 

driver type has 250 agents), and simulation runs for 50 iterations.  In each iteration, a driver 

agent moves from node 1 to node 13 (see Figure 3.15).  In other words, when the agent arrives its 

destination (node 13), it starts again from start point (node 1) with its knowledge obtained from 

the previous iteration.  The learning rate of CI value (α) is 0.1.  More details about each 

experiment are illustrated below. 

 

 Obtaining Drivers’ Perception via a BN 

To demonstrate how the interaction and learning process would affect individual driver’s 

travel plan and performance, we classify the driver agents into three types: 1) commuters who 

have full information of the environment; 2) explorers who have partial information of the 

environment; and 3) travelers who have no information of the environment.  The difference 

between each agent type is reflected in a BN, which is constructed to represent the agents’ 

perceptual processor in the Belief Module (see Figure 2.1).  As we can see from Figure 3.16, 

commuters consider all the three environmental variables, while explorers do not take into 

account traffic flow rate as an environment variable.  The output of the BN infers the agent’s 

perceived values of attributes (risk and travel time) for the option under consideration (i.e., a path 

from an intersection).  The perceived values comprise the value matrix M(t) (see Eq. (3.7)), 
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which will be fed into the EDFT to calculate the agent’s choice probability on multiple options.  

𝑚𝑟𝑖𝑠𝑘
𝑦 (𝑡) is the risk value of the option y and 𝑚𝑡𝑖𝑚𝑒

𝑦 (𝑡) is the travel time value of the option y 

obtained from BN at time t. 

𝑀(𝑡) = [
𝑚𝑟𝑖𝑠𝑘

1 (𝑡) 𝑚𝑡𝑖𝑚𝑒
1 (𝑡)

𝑚𝑟𝑖𝑠𝑘
2 (𝑡) 𝑚𝑡𝑖𝑚𝑒

2 (𝑡)
⋮ ⋮

]                                       Eq. (3.14) 

 

 
 

Figure 3.16: BN of commuters and explorers 

Table 3.6 shows the assigned values according to inferred states of attributes.  If an agent 

predicts two paths, among which, one has low risk and long travel time, and the other has high 

risk and short travel time, then the value M(t) matrix will be like in Eq. (3.15).   

 

Table 3.6: Definition of value matrix M (t) based on attribute value 

Risk Travel time Entry value of M(t) 

Low 

Short [𝑚𝑟𝑖𝑠𝑘(𝑡), 𝑚𝑡𝑖𝑚𝑒(𝑡)] = [1.5,1.5] 

Medium [𝑚𝑟𝑖𝑠𝑘(𝑡), 𝑚𝑡𝑖𝑚𝑒(𝑡)] = [1.5,2.0] 

Long [𝑚𝑟𝑖𝑠𝑘(𝑡), 𝑚𝑡𝑖𝑚𝑒(𝑡)] = [1.5,2.5] 

Medium Short [𝑚𝑟𝑖𝑠𝑘(𝑡), 𝑚𝑡𝑖𝑚𝑒(𝑡)] = [2.0,1.5] 
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Medium [𝑚𝑟𝑖𝑠𝑘(𝑡), 𝑚𝑡𝑖𝑚𝑒(𝑡)] = [2.0,2.0] 

Long [𝑚𝑟𝑖𝑠𝑘(𝑡), 𝑚𝑡𝑖𝑚𝑒(𝑡)] = [2.0,2.5] 

High 

Short [𝑚𝑟𝑖𝑠𝑘(𝑡), 𝑚𝑡𝑖𝑚𝑒(𝑡)] = [2.5,1.5] 

Medium [𝑚𝑟𝑖𝑠𝑘(𝑡), 𝑚𝑡𝑖𝑚𝑒(𝑡)] = [2.5,2.0] 

Long [𝑚𝑟𝑖𝑠𝑘(𝑡), 𝑚𝑡𝑖𝑚𝑒(𝑡)] = [2.5,2.5] 

 

𝑀(𝑡) = [
1.5 2.5
2.5 1.5

]                                                Eq. (3.15) 

Unlike commuters and explorers, at the beginning of simulation, travelers do not have 

any knowledge about the environment.  This means their perception on risk and travel time will 

be based on the accumulative experience.  Therefore, first they will try to gain knowledge from 

others by initiating an interaction.  If an interaction is successfully established in a limited time 

threshold then travelers will be able to construct a BN to perceive the environment.  Otherwise, 

they will have to make a random choice in the first iteration and start to gain experiences about 

the travel time and risk from their travels.  In addition, the experiment gives more weight on 

travel time than risk with the following weight vector used for preferences computations of 

options in EDFT:  

𝑊(𝑡) = [
𝑤𝑟𝑖𝑠𝑘(𝑡)

𝑤𝑡𝑖𝑚𝑒(𝑡)
]                                             Eq. (3.16) 

where 𝑤𝑟𝑖𝑠𝑘(𝑡) = 𝑢𝑛𝑖𝑓𝑜𝑟𝑚(0.2,0.4) and 𝑤𝑡𝑖𝑚𝑒(𝑡) = 1 − 𝑤𝑟𝑖𝑠𝑘(𝑡). 

 

 Behavior Changing through Different Interaction Types 

This experiment is designed to compare the impact of interaction types on driver’s total 

travel time.  As mentioned in Section 3.2.2, interactions involving the information exchange help 
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agents get more information about the environment, which in turn affects their decision-making.  

Therefore, we conduct this experiment in five scenarios: each scenario has only one interaction 

type.  From Figure 3.17 to Figure 3.19, we can observe how the five interaction types affected 

commuters, explores and travelers on their total travel time.  In general, an information exchange 

helped reduce the average travel time (about 1.13 hours) for all the three types of agents.  Since 

they initially had different amounts of information, the number of iterations needed to converge 

to the shortest time is 31 for commuters, 36 for explorers and 51 for travelers.  This means that it 

takes less time for commuters to find the optimal route.  Moreover, the trends of travel time that 

the driver conducts information exchanging has non-liner form.  This implies the behavior is 

largely changed at an early stage of learning.  This is different from self-learning behaviors such 

as competitive and avoidance.   

 

 

Figure 3.17: Average travel time of commuters 
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Figure 3.18: Average travel time of explorers 

 

 

Figure 3.19: Average travel time of travelers 

 

 Impact of Interaction on Agents’ Confidence Index 

Under the same simulation environment (see Section 3.2.3.2), we use the confidence 

index (CI) as a metric for learning performance.  As CI is determined by accuracy of prediction, 

this gives a clear understanding the effect.  Figure 3.20, Figure 3.21, and Figure 3.22 depict an 
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average value of CI for each driver type.  Since commuters (a) know whole correlations between 

attributes (travel time and risk) and environment variables, all interaction types can converge to 

the same the level (about CI = 0.94).  However, explorers (b) need more numbers of iterations to 

converge 0.94 (26 iterations in compromise and avoidance and 38 iterations in collaboration).  

This is because explorers need more interactions to know traffic flow, which is related to travel 

time and risk.  And, travelers (c) take more times to converge 0.94 (36 iterations in compromise 

and avoidance and 46 iterations in collaboration).  This implies that a driver needs more learning 

time by interaction and self-learning if the driver does not have any knowledge.  In competition 

and avoidance, the convergence value of CI is different from other interaction types.  To be more 

specific, explorers (b) and travelers (c) have limitations to learning the whole environment 

variables since they only know given environment variables initially.  So, the convergence value 

of CI is lower than any other information exchange interaction types.  This implies that a driver, 

who does not have previous knowledge of correlation between whole attributes and environment 

variables, cannot learn the real situation accurately by conducting self-learning.  Moreover, we 

can also see that travelers’ CI value increases fastest via accommodation interactions.  This is 

because a traveler agent always learns from the other party who has more information in 

accommodation.  In compromise, it takes much time for initiators to learn, as only one 

environmental variable is exchanged for every interaction, which reduces the learning 

effectiveness. 
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Figure 3.20: Average CI value of commuters 

 

Figure 3.21: Average CI value of explorers 



 

89 

 

 

Figure 3.22: Average CI value of travelers 

 

3.2.4 Section Conclusion and Summary 

In this research, we proposed a human interaction model under the E-BDI framework to 

model human decision-making in a more realistic way.  Five types of human interaction namely 

accommodation, compromise, collaboration, avoidance, and competition were considered and 

incorporated under the E-BDI framework.  Furthermore, we categorized the five interaction 

types into information exchange and non-information exchange interaction type.  An en route 

planning problem in hazmat transportation was used to demonstrate the effectiveness of the 

proposed model.  Moreover, three types of driver agents namely commuters, explorers, and 

travelers were considered based on their initial knowledge about the routes.  The drivers’ 

learning behavior had been illustrated via confidence index (CI) under the E-BDI framework.  

Among the five interaction types, accommodation, compromise and collaboration explained the 

agents’ learning behavior through information exchange while a game theoretic approach had 

been implemented to resolve competition for limited resources (road capacity in this work).   
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The proposed human interaction model under the E-BDI framework had been 

demonstrated using ABS, which provided various dynamic environments.  The impact of the 

proposed model had been analyzed based on drivers travel time and confidence index.  

Experimental results showed that a human interaction model under the E-BDI framework helped 

to reduce the drivers’ travel time significantly.  Results also revealed that an information 

exchange interaction has better learning performance than non-information exchange interaction.  

Through the interaction models, the devised ABS represented how behavior of traveler agent 

becomes close to commuter agents. 
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CHAPTER 4 

4. IMPACT OF ROAD ENVIRONMENT ON DRIVERS’ DECISIONS IN DILEMMA 

ZONE 

The goal of this chapter is to introduce an application of the proposed decision-making 

model of a driver under the E-BDI framework discussed in Chapter 3.  The dilemma zone (DZ), 

where drivers become indecisive to either stopping their car or proceeding through when the 

traffic signal turns yellow, has been adopted as the demonstration scenario.  In the field of 

transportation, DZ provides a major safety concern for drivers due to the great possibility of a 

rear-end or right-angle crash occurring.  In order to reduce the risk of car crashes at DZ, the 

Institute of Transportation Engineers (ITE) recommended a DZ model.  The model, however, 

fails to provide precise calculations on the decision of drivers because it disregards the 

supplemental roadway information, such as the presence of a red light camera.  Hence, in this 

chapter, the E-BDI-based DZ model is proposed with the inclusion of such roadway 

environmental factors.  First, a driving simulator is used to determine the influence of roadway 

conditions on the decision-making of real drivers.  Following data collection via the driving 

simulator, each driver’s decision behavior is modeled and implemented in an agent-based 

simulation (ABS) platform, which is then used to analyze drivers’ behaviors under realistic road 

environments.  The experiments have been conducted using the constructed ABS, and the results 

reveal that the proposed DZ model was able to accurately predict the decisions of drivers.  

Specifically, the model confirmed the findings from the driving simulator study that providing 

the supplemental roadway information to drivers reduced the number of red light violations at an 

intersection. 

 



 

92 

 

 

4.1 Background 

At the onset of the yellow phase, drivers often come across a dilemma situation where 

they are unable to stop comfortably before the stop line or clear the intersection (without 

excessive acceleration) prior to the onset of the red signal phase (Gazis et al. 1960).  The 

Institute of Transport Engineers (ITE) has named the area where drivers face such an uncertain 

situation as the Type I dilemma zone (DZ).  If the Type I DZ is removed, it is hypothesized that 

the risk of any probable car crashes around the intersection (e.g., rear-end crashes and right-angle 

crashes) will turn to zero.  This is because uncertainty of the decisions is eliminated (Hurwitz et 

al. 2012).  The Type I DZ equation is shown below: 

 

𝑥𝑑𝑧 = 𝑥𝑐 − 𝑥0                                                Eq. (4.1) 

where 𝑥𝑐 = 𝑉0𝛿2 +
𝑉0

2

2𝑎2
 and 𝑥0 = 𝑉0𝜏 − (𝑤 + 𝐿) +

1

2
𝑎1(𝜏 − 𝛿1)2. 

 

The following factors are present in the equation: the approaching speed of a vehicle (V0), the 

maximum deceleration rate when stopping (a2), the maximum acceleration rate when proceeding 

(a1), the reaction time for the perception of the drivers (PRT) for proceeding (δ1) and stopping 

(δ2), the length of yellow phase (τ), the width of intersection (w), and average vehicle length (L).  

The distance of the DZ (xdz) can be calculated by subtracting the maximum yellow passing 

distance (x0) from the minimum stopping distance (xc). 

Nonetheless, collisions still happen when drivers are in the DZ because drivers’ decision-

making involves uncertainty.  To resolve this issue, the Type II DZ was proposed, which 

considers the stopping probability of drivers at the onset of the yellow phase (Zegeer 1997).  It 
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defines the DZ from the position where 90% of drivers stop to the position where 10% of drivers 

stop.  Therefore, the uncertainty aspect of drivers’ decisions can be covered.  However, it only 

focuses on the results of observations (i.e., stopping and proceeding) without considering the 

impact that roadway environmental factors may have on drivers’ decisions.  Therefore, 

controlling the length of the yellow phase is regarded as the only way to solve the DZ problem.  

This means the Type II DZ model has difficulty in handling the case where drivers are affected 

by other roadway factors, such as traffic conditions. 

According to Wierwille (1993), drivers visually sample their surroundings while driving 

so that they are able to change their behavior based on other vehicles’ movements and the 

roadway environment.  This implies that drivers’ behaviors are affected by surrounding factors 

such as other vehicles’ movements or intersection conditions.  In DZ, drivers’ decisions are 

influenced not only by their own condition (e.g., distance to the stop line and/or speed) but also 

by the surrounding environment at an intersection.  Gates et al. (2007) claimed that actions of 

vehicles in an adjacent lane affect drivers’ decisions in DZ.  Similarly, Huey and Ragland (2007) 

showed that the pedestrian countdown signal makes drivers’ behaviors more conservative (i.e., 

less likely to enter the intersection at the end of the yellow phase).  Likewise, red light photo 

enforcement cameras are known to be useful to mitigate the red light running of vehicles, 

therefore reducing the possibility of a collision (Retting et al. 1999). 

In this chapter, a DZ model considering the effects of roadway surroundings is introduced.  

In addition to the factors that are included in the Type I DZ model (i.e., subject vehicle speed 

and/or distance to the stop line), other factors from the roadway environment are also 

incorporated.  Specifically, the influence of a pedestrian countdown signal, a red light photo 

enforcement camera, and the adjacent vehicle behavior on the driver decision-making process 
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are all examined.  First, a human-in-the-loop experiment with a driving simulator is conducted to 

determine the influence of roadway conditions on the decision-making of real drivers.  Following 

data collection via the driving simulator, a driver decision model is then developed based on the 

Extended Belief-Desire-Intention (E-BDI) framework and implemented in an agent-based 

simulation platform. 

  

4.2 E-BDI-based Dilemma Zone Model   

As aforementioned in Section 2.2, the E-BDI framework is a generic framework for 

representing the decision-making and decision-planning processes with respect to the 

psychological nature of humans (Lee et al. 2010).  Once a Bayesian Network (BN)—a 

probabilistic-directed acyclic graphical model for the representation of relationships between 

variables—perceives information, the framework first evaluates all the alternatives.  It then 

selects one option via Extended Decision Field Theory (EDFT)—a psychological decision-

making model based on a decision maker’s own knowledge and preferences related to the 

various attributes (Lee et al. 2010).  The advantage of E-BDI is to illustrate uncertain perceptions 

and reasoning processes regarding an individual’s preference on multiple attributes and 

correlations between alternatives (Lee et al. 2008; Rao and Georgeff 1998).  In the E-BDI-based 

DZ model, BN is used as the perceptual processor to generate beliefs of multiple attributes from 

perceived information of the five factors (i.e., R, P, A, D, and V as defined in Section 3.1.2.1.1), 

and EDFT selects whether a driver would go through the intersection or not based on those 

beliefs.  The following sections will describe calibration procedures of the proposed E-BDI-

based DZ model based on the collected data via a human-in-the-loop experiment involving a 

driving simulator (see Section 3.1.2.1).   
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4.2.1 Calibration of a Bayesian Network 

The collected data of drivers’ decisions (see Section 3.1.2.1) involves four participant 

groups classified by facility speed limit (F) and degree of driving in a hurry (H) and each group 

produced data for the five remaining factors (R, P, A, D, and V).  In order to study the impacts of 

the three environment variables (i.e., external information: P, R, and A) and the status of the 

vehicle (i.e., internal information: D and V) on the driver’s decision in the DZ, the factors were 

considered as attributes in the E-BDI framework.  

A major challenge in model calibration is how to measure the correlations between the 

five observed variables and two latent variables (i.e., internal information and external 

information).  In this work, Structural Equation Modeling (SEM; Ullman and Bentler 2003) is 

adopted to infer the status of latent variables from the observed five variables and drivers’ 

decisions.  Since SEM is a technique for testing and estimating causal relationships among 

variables using a combination of statistical data and qualitative causal assumptions, it has been 

widely used to find relationships among observed variables and latent variables (Ullman and 

Bentler 2003).  It is also known as a technique combining multiple regression and factor analysis.  

Figure 4.1 shows a hypothetical model for the SEM analysis, where e1 – e6 are the error terms 

related to each of the observed variables.  In Figure 4.1, each box is an observed variable, circle 

is a latent variable, a single-headed arrow between variables represents a causal relation, and a 

double-headed arrow between variables represents a non-causal relation.  Thus, the impact of 

internal information and external information on the decision is implied by the arrows between 

observed variables (i.e., V, D, P, R, A, and Decision).     
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Figure 4.1: Path model in SEM analysis 

 

Because each variable has a different scale, standardized regression weights of each 

group were used to measure correlations between variables (see Table 4.1).  Because the χ2/df 

values of all four SEM models were less than 3 (i.e., 1.846/7 (Group A), 1.206/7 (Group B), 

2.274/7 (Group C), and 3.926/7 (Group D)), the four models were deemed appropriate for 

representing drivers’ decisions in the considered DZ (Ullman and Bentler 2003).  Regarding the 

standardized regression weight of each group, drivers in Group A, Group B, and Group D were 

more influenced by the external information than the internal information.  This implies that the 

existing ITE DZ model, which mainly considers the vehicle’s speed and the distance to stop line 

at the onset of the yellow phase, is not sufficient to explain the driver’s decision when the driver 

has knowledge of the external information.  In addition, if one compares the difference in the 

standardized regression weights between the external information and the internal information to 
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decision (i.e., 0.798 in Group A, 1.100 in Group B, no impact of external information in Group C, 

and 0.762 in Group D), participants driving in a hurry directed their attention toward external 

information.   

 

Table 4.1: Standardized regression weights of observed variables, latent variables, and driver 

decisions by different driver groups 

Connection Group A Group B Group C Group D 

V ← Internal info. -0.775 -0.629 -0.523 -0.816 

D ← Internal info. 0.935 0.923 1.285 0.919 

P ← External info. -0.181 -0.130 - -0.194 

R ← External info. 0.091 -0.034 - -0.020 

A ← External info. 0.055 0.036 - 0.018 

Decision ← Internal info. 0.245 0.261 0.880 0.270 

Decision ← External info. 1.043 1.361 - 1.032 

* Empty cells indicate that Group C does not have any connections related to the 

external information.   

** The arrow (←) represents connection between variables shown in Figure 4.1. 

 

From the SEM analysis, a BN of the E-BDI-based DZ model has been constructed (see 

Figure 4.2).  In this process, the attributes’ values estimated by SEM are discretized to reduce the 

computational complexity of the BN inference.  The inferred states of the BN are then used to 

evaluate options in the DZ model via EDFT. 
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Figure 4.2: BN of the E-BDI-based DZ model 

 

The advantage of a BN is to infer the status of latent variables even when only partial 

observation of the parent variables (i.e., D, V, P, R, and A) is available.  Moreover, it is a 

probabilistic model using conditional probabilities between variables, therefore handling the 

uncertainty of the driver’s decision process. 

 

4.2.2 Calibration of the Extended Decision Field Theory 

In order to select one option from multiple alternatives, EDFT calculates preference 

values of all alternatives.  Calibration of EDFT is the process of finding parameters of EDFT in 

order to mimic real drivers’ decision behaviors in a DZ.  Although EDFT involves multiple 

parameters, one can assume the stability matrix S and contrast matrix C as shown below: 

 

𝑆 = [
0.9 −0.01

−0.01 0.9
] and 𝐶 = [

1 −1
−1 1

]                            Eq. (4.2) 

 

Therefore, the calibration process can be simplified to a searching process of the 

appropriate weight vector W(t+h) under a value matrix M(t+h) given by the BN of each driver 

group: 
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argmax
𝑊(𝑡+ℎ)

𝑆𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦[𝑊(𝑡 + ℎ)]                                        Eq. (4.3) 

Subject to 

𝑆𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦[𝑊(𝑡 + ℎ)] = ∑ |𝐸𝐷𝐹𝑇[𝑊(𝑡 + ℎ), 𝑀𝑖(𝑡 + ℎ)] − 𝑟𝑖|
𝑁

𝑖
 

∑ 𝑤𝑖(𝑡 + ℎ)
𝑤𝑖(𝑡+ℎ)∈𝑊(𝑡+ℎ)

= 1, 𝑤𝑖(𝑡) ≥ 0 

 

where ri is ith response of real drivers (i.e., decisions) and EDFT(W(t+h), Mi(t+h)) provides the 

selected decision via the EDFT algorithm.  Thus, by comparing the decisions of real drivers and 

the decisions inferred by the E-BDI framework, the weight vector W(t+h) with the highest 

prediction accuracy can be found.  Table 4.2 reveals results of the optimization. 

 

Table 4.2: Weight vectors of driver groups 

Weight vector Group A Group B Group C Group D 
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Figure 4.3: Prediction accuracy of the E-BDI-based DZ model 

 

Figure 4.3 demonstrates the prediction accuracy of the E-BDI-based DZ model involving 

five factors (i.e., V, D, R, P, and A) in comparison with the corresponding logistic regression 

model involving two factors (i.e., V and D) (i.e., ITE DZ model).  Tenfold cross-validation was 

used to calculate the prediction accuracy of each model (Rogers and Girolami 2011).  The P-

values of the paired t-test (at a significance level of α = 0.05) were 0.5074 (Group A), 0.0004 

(Group B), 0.3823 (Group C), and 0.0002 (Group D).  Although differences with statistical 

significance occurred only for Group B and Group D (the two in a hurry groups; see Section 

3.1.2.1.1), the prediction accuracy values of the E-BDI-based DZ model in all the considered 

groups were greater than or equal to the prediction accuracy of the corresponding logistic 

regression models.  In other words, prediction accuracy has been enhanced by considering 

environmental variables, especially when drivers are under time pressure. 

 

4.3 Analysis of Driver’s Behavior 
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The proposed E-BDI-based DZ model was implemented in the AnyLogic ABS software.  

The simulation scenario was a segment of an urban arterial with two lanes in each direction and 

contained two signalized intersections.  In the simulation, the nearest leading vehicle in the left 

lane was considered as the adjacent vehicle, which always existed.  The values shown in Table 

3.3 were used as the host vehicle’s parameters of each group.  Table 4.3 provides additional 

parameter settings for the simulation. 

 

Table 4.3: Experiment setting of DZ simulation 

Parameter Value 

Perception-reaction time (PRT) δ 0.7 sec. 

Initial speed uniform (23.3,30) miles/hour 

Simulation time horizon 30000 hours 

Number of sampled vehicles 1000 vehicles 

Maximum deceleration rate -3.72 m/sec2 

Maximum acceleration rate 1.48 m/sec2 

Number of replications 30 

 

4.3.1 Driver’s Behavior Under Light Traffic 

The traffic flow rate of 1200 vehicles in an hour is considered as a light traffic condition.  

In order to analyze the simulation results, a Speed-Distance (SD) diagram has been used in this 

work.  The SD diagram (see Figure 4.4 for an example) shows drivers’ decisions plotted against 

vehicles’ speed and distance to the stop line at the onset of the yellow phase.  In the SD diagram, 

there are two curves: a stopping curve and a crossing curve.  The stopping curve represents a 
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limited stopping distance under various vehicle speeds with respect to a comfortable deceleration 

rate (i.e., -3.72 m/s2 in this research, as given by the Traffic Engineering Handbook (Kraft et al. 

2009)).  Similarly, the crossing curve represents a limited crossing distance under various vehicle 

speeds with respect to the length of the yellow phase (see the ITE DZ model in Section 4.1).  By 

using these two curves, space in the SD diagram can be separated into four zones: 1) Cross zone: 

space beyond both curves, 2) Stop zone: space under both curves, 3) Option zone: space under 

the stopping curve and above the crossing curve, and 4) Dilemma zone: space under the crossing 

curve and above the stopping curve.  However, in the following figures, DZ is not present 

because the driving simulation parameters took into consideration the requirements given by ITE 

to make compliant intersections (and hence eliminate the DZ) based on the speed and signal 

timing. 

 

 

Figure 4.4: SD diagram of Group A without the red light enforcement camera and pedestrian 

countdown signal 
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Figure 4.5: SD diagram of Group A with the red light enforcement camera and pedestrian 

countdown signal 

 

Figure 4.4 and Figure 4.5 show SD diagrams of Group A (i.e., 40 mi/h (64.37 km/h) 

facility speed limit in a normal situation (No hurry)) under different combinations of P and R.  

Among all the vehicles in Figure 4.4, cleared the intersection successfully (red stars), 60.71% 

stopped (blue circles), and 2.98% had a red light violation (black triangles).  Among all the 

vehicles in Figure 4.5, 36.37% cleared the intersection successfully (red stars), 61.22% stopped 

(blue circles), and 2.41% had a red light violation (black triangles).  In Figure 4.5, the presence 

of both P and R resulted in a reduction in the number of red light violations.  Although the 

difference between the two figures is only 0.57% among the 1,000 simulated vehicles (an 

approximate reduction by 6 vehicles), this would yield a more significant improvement when 

considering a larger quantity of vehicles as seen on roadways in the real world.     
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Figure 4.6: SD diagram of Group B without the red light enforcement camera and pedestrian 

countdown signal 

 

 

Figure 4.7: SD diagram of Group B with the red light enforcement camera and pedestrian 

countdown signal 
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Figure 4.6 and Figure 4.7 show the experimental results of Group B (i.e., 40 mi/h (64.37 

km/h) facility speed limit driving in a hurry).  Among all of the vehicles in Figure 4.6, 36.60% 

cleared the intersection successfully (red stars), 36.60% cleared the intersection successfully (red 

stars), 60.85% stopped (blue circles), and 2.55% chose to cross but ran the red light (black 

triangles).  In Figure 4.7, 39.38% cleared the intersection successfully (red stars), 58.94% 

stopped (blue circles), and 1.68% chose to cross but ran the red light (black triangles).  Similar to 

the results obtained from Group A, the presence of both R and P reduced the number of red light 

violations.  In addition, Group B had a lower stopping probability than Group A in both cases 

because drivers in Group B were driving under time pressure. 

 

 

Figure 4.8: SD diagram of Group C without the red light enforcement camera and pedestrian 

countdown signal 
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Figure 4.8 shows the experimental results of Group C (i.e., 55 mi/h (88.51 km/h) facility 

speed limit driving in a normal situation (No hurry)).  As aforementioned in Section 4.2.1, the 

decisions of drivers in Group C are not influenced by the external information.  Among all of the 

vehicles in Figure 4.8, 56.24% of the vehicles crossed the intersection without any difficulty (red 

stars).  42.26% of the vehicles stopped before the stop line (blue circles) and 1.50% of the 

vehicles had violated the red light.  Comparing the distribution of decisions with Group A—40 

mi/h (64.37 km/h) facility speed limit, Group C—55 mi/h (88.51 km/h) facility speed limit—

does not have as many red light violations as Group A.  This means the drivers can make better 

decisions when travelling at a high facility speed if there is not too much traffic on the road. 

 

 

Figure 4.9: SD diagram of Group D without the red light enforcement camera and pedestrian 

countdown signal 
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Figure 4.10: SD diagram of Group D with the red light enforcement camera and pedestrian 

countdown signal 

 

The experimental outcomes of Group D are shown in Figure 4.9 and Figure 4.10.  Among 

all the drivers in Figure 4.9, 57.72% of the vehicles crossed the intersection without any 

difficulty (red stars), 40.88% of the vehicles stopped before the stop line (blue circles), and 1.40% 

of the vehicles had violated the red light.  On the other hand, among all the drivers in Figure 4.10, 

55.65% of the vehicles crossed the intersection without any difficulty (red stars), 43.29% of the 

vehicles stopped before the stop line (blue circles), and 1.06% of the vehicles had violated the 

red light.  The difference between the two figures is only 0.34% among the 1,000 simulated 

vehicles (i.e., an approximate reduction by three vehicles).  Similar to Group B with 40 mi/h 

(64.37 km/h) facility speed limit, a more significant improvement can be achieved for a case 

with a larger quantity of vehicles on the roadway. 
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4.3.2 Driver’s Behavior Under Heavy Traffic 

The vehicle flow rate of 3,600 vehicles in one hour is considered as a heavy traffic 

condition in this work.  The SD diagram is used to examine the behavior of the drivers, and the 

outcomes of the experiments are provided in Figure 4.11 and Figure 4.12.  The outcomes show 

how the pedestrian countdown signal and the red light enforcement camera affect the behavior of 

the drivers under traffic congestions. 

 

 

Figure 4.11: SD diagram of Group B with the red light enforcement camera and pedestrian 

countdown signal 
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Figure 4.12: SD diagram of Group D with the red light enforcement camera and pedestrian 

countdown signal 

 

The SD diagram of Groups B and D are shown in Figure 4.11 and Figure 4.12, 

respectively.  As compared with the figures given in Section 4.3.1, the positions of the vehicles 

are lower from the stopping and crossing curves.  Under heavy traffic congestions, drivers 

neither accelerate their vehicles with the initial maximum acceleration rate (i.e., 1.48 m/sec2) nor 

decelerate their vehicles with the initial maximum deceleration rate (i.e., -3.72 m/sec2).  Thus, 

the locations of the vehicles in both figures are different from the ITE DZ model.  Moreover, due 

to the traffic and facility speed limit on a roadway, Group D has larger fluctuation of speed than 

Group B.   

 

Table 4.4: Proportion of behavior by different driver groups 

Group Presence of Crossed (%) Stopped (%) Ran the red 
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P and R light (%) 

A Yes 14.33 84.37 1.30 

A No 11.65 87.02 1.32 

B Yes 13.67 85.34 0.99 

B No 13.35 85.62 1.03 

C Yes 15.11 83.96 0.93 

C No 13.97 85.09 0.94 

D Yes 14.20 84.66 1.14 

D No 15.16 83.68 1.16 

 

Table 4.4 shows that a large number of vehicles decide to stop at an intersection when 

there is heavy traffic congestion on the roadway.  It also showed that the presence of the red light 

enforcement camera and the pedestrian countdown camera makes only a minor difference on the 

number of red-run vehicles.  The probability of the drivers stopping rises greatly, but the 

probability of the drivers crossing the intersection is significantly reduced.  Under situations with 

heavy traffic, the decisions of the drivers have significant impact on the vehicles’ movement as 

much as the impact of physical interaction (e.g., car following and lane changing behaviors) 

between the vehicles.  In other words, the impact of the pedestrian countdown signal and the red 

light enforcement signal cannot be correctly assessed under the heavy traffic congestion on the 

road. 

 

4.4 Chapter Conclusion and Summary 
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In this chapter, an E-BDI-based DZ model was proposed to accurately predict drivers’ 

decisions at an intersection and to reduce the potential risk of crashes.  In addition to the two 

factors considered in the ITE DZ model (i.e., vehicle’s speed and distance to stop line), various 

external factors in the roadway environment (i.e., movement of vehicles passing by the side, 

presence of a red light photo enforcement camera, and presence of a pedestrian countdown 

signal) were also considered.  The impact of each factor on drivers’ decisions was analyzed by 

collecting drivers’ responses via a driving simulator.  Based on the collected data, an individual 

driver’s decision model was developed under the E-BDI framework, and was implemented in 

AnyLogic ABS software.  To demonstrate and validate the proposed models, the drivers’ 

behaviors were compared in two cases under different traffic conditions: 1) drivers concerns only 

the speed and distance to the stop line of their vehicles (i.e., internal information) and 2) drivers 

are aware of both the internal information as well as the external information.  The experimental 

results revealed that knowing the external information can increase the prediction accuracy of 

drivers’ behaviors, especially when drivers are under time pressure conditions with low traffic.  

This result is consistent with the empirical finding from the driving simulator study that the 

presence of both a red light photo enforcement camera and a pedestrian countdown signal 

reduced the number of vehicles running red lights.  Therefore, it is believed that the proposed E-

BDI-based DZ model can assist in mitigating the potential risk of collisions under different 

traffic conditions.  Moreover, the results suggest local transportation agencies install more red 

light photo enforcement cameras and/or pedestrian countdown signals at the intersections to 

encourage safer driving behaviors. 

 

 



 

112 

 

 



 

113 

 

CHAPTER 5 

5. HIERARCHICAL EN ROUTE PLANNING UNDER THE E-BDI FRAMEWORK 

In this chapter, a hierarchical en route planning approach under the E-BDI framework is 

introduced to efficiently generate a realistic route plan.  As aforementioned in Section 3.2.1, the 

proposed en route planning based on the E- BDI framework is able to find a revised route to the 

destination based on drivers’ own preferences and psychological reasoning nature.  However, 

such a detailed model involves a high computational demand, especially for a large-scale road 

network.  To reduce the computational demand required by the en route planning for the original 

network, a hierarchical route planning approach is also proposed.  The proposed approach is 

implemented in Java-based E-BDI module and DynusT traffic simulation software, in which the 

traffic data of Phoenix in the U.S. is used.  To validate the proposed approach, this study 

compared the performance in terms of computational efficiency and accuracy under the different 

aggregation levels of the Phoenix road network.  The validation results reveal that the proposed 

en route planning approach efficiently generates a realistic route plan with an individual driver’s 

preference.  

 

5.1 Background 

As mentioned in Section 1, in reality, a driver would select a route depending on the 

incomplete information on hand while intending to reduce the corresponding costs to the extent 

possible.  Because of the limited perception capability, it is possible that the driver estimates 

traveling costs of unobserved links based on his own experience and selects a route that is not the 

optimum route.  To capture this cognition-based decision-making behavior of drivers, Section 

3.2.1 introduced the E-BDI-based en route planning approach. 
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A primary issue with the E-BDI-based en route planning framework is the high 

complexity of calculations involved in the process, and in a network with a high density of roads 

the quantum of computation involved makes the adoption of the process a genuine challenge.  

Considering that en route planning is involved with devising the route while driving, the amount 

of computation involved therein is of much greater frequency than in calculating and planning 

the route on an iteration (e.g., day-to-day) basis.  To explain, there is a genuine need and 

requirement to be able to formulate a methodology for foreseeing and perceiving the route map 

of the driver in the E-BDI framework while the simulation runs so that all the multiple aspects 

that are continuously changing are also accounted for in the model (Kim et al. 2012).  In addition, 

because drivers change their route plan when unforeseen challenges are faced on the road during 

the drive, including aspects of sudden and unforeseen blocked pathways, the quantum of 

calculations during en route planning is also liable to increase significantly.  Hence this study 

would try to account for and present an E-BDI-based hierarchical en route planning approach 

involving a large-scale road network.  

 

5.2 Proposed Simulation Model and Underlying Components  

The primary objective of the proposed E-BDI-based hierarchical en route planning 

approach is to provide a realistic route plan representing driver behavior in traveling from origin 

to destination with low computational demand.  The proposed hierarchical en route planning 

approach consists of two levels: 1) a high-level (aggregated) planning with the E-BDI framework 

and 2) a low-level planning with the shortest path algorithm (e.g., Dijkstra’s algorithm).  The 

basic concept of this approach is to reduce the computational demand of the E-BDI framework 

by considering an aggregated, high-level network.  According to Sedgewick (1998), the run time 
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of the depth first search (DFS) algorithm is linearly increased with the number of vertices (V) 

and edges (E) in graph (i.e., O(|V|+|E|)).  This means that the computation time of the PDFS 

algorithm in the E-BDI framework can be significantly reduced with fewer nodes and paths in 

the high-level network given by the proposed hierarchical approach.  Furthermore, the location-

based aggregation is applied to generate aggregated nodes from the low-level road network 

topology.  

In the proposed hierarchical en route planning algorithm, the first step is to generate a 

high-level network from the original road network.  To this end, the road network is partitioned 

into several zones, where each zone can have several borders which are the outer nodes 

connecting to adjacent zones.  Once the zones and borders are defined, the shortest paths 

between borders can be found using the shortest path algorithm.  In this paper, the Dijkstra’s 

algorithm, a widely used algorithm to find the shortest path with a low computational complexity 

by eliminating infeasible paths (Sedgewick 1998), is adopted to find the shortest path between 

the borders.  However, any other shortest path algorithms such as A* could also be considered.  

Once the high-level network is established via finding shortest paths between borders, the E-

BDI-based en route planning is performed for it.  The E-BDI-based en route planning is 

conducted in a probabilistic manner based on the origin and destination of a driver agent with the 

processed data.  After the E-BDI-based en route planning, the high-level route plan is merged 

with the related shortest paths at the low level.  As a result, the existing route plan of a driver 

agent is substituted by the new route plan.  Figure 5.1 shows pseudo codes of the proposed E-

BDI-based hierarchical en route planning approach. 
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Figure 5.1: Pseudo code of the E-BDI-based hierarchical en route planning 

 

5.2.1 Partitioning for a Hierarchical Network 

A partitioning method has been employed to generate a high-level network.  The method 

consists of two processes: 1) decomposition process, and 2) aggregation process.  The 

decomposition process divides an original road network into m zones (or subnetworks) via the 

breadth first search (BFS) algorithm, which is a searching algorithm to find the shortest path by 

inspecting all possible paths.  Although BFS algorithm is computationally expensive, the 

algorithm guarantees to visit all possible nodes until it reaches a destination node (Sedgewick 

1998).  Thus, all nodes in a road network can be contained by one of the zones.  In this stage, m 

BFS algorithms are executed in parallel to define the m zones.  For the BFS algorithms, K-means 

clustering method (Lloyd 1982) is employed to determine a root node of each BFS algorithm.  

Let xi be a node in the entire road network with two dimensional real vector (i.e., x coordinate 

and y coordinate) and C be a set of clusters C = { C1, C2, …,Cm}(1≤ i ≤ m) where Ci is the ith 

cluster representing zone i.  µi is the mean of points in Ci (or a centroid in Ci).  

 

1:   LOAD an original road network topology information 

2:   GENERATE borders as aggregate nodes from the original road network 

3:   FIND the shortest path between all pairs of the borders using the shortest path 

algorithm to generate aggregate paths 

4:   IF the E-BDI-based en route planning is triggered THEN  

5: COMPUTE the attributes’ values of all pairs of the aggregate paths  

6:    LOAD the origin and destination of an individual driver 

7: RUN the E-BDI-based en route planning using the attributes’ values  

8:         COMBINE the aggregate route plan with the shortest path sets of the 

aggregate paths 

9:   RETURN a route plan  
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argmin
𝐶

{∑ ∑ (‖𝑥𝑗 − 𝜇𝑖‖)
2

𝑥𝑗∈𝐶𝑖

𝑚

𝑖=1
} 

 

where all xj’s are connected in cluster Ci.  Then, in each cluster Ci, the closest node from μi is 

selected as a rood node for each BFS algorithm by the following equation: 

 

argmin
𝐶

{‖𝑥𝑗 − 𝜇𝑖‖
2

} 

 

As a result, since each root node is likely to be located at the center of a cluster, all nodes 

in the road network can be evenly distributed in the zones.  Once the m root nodes in the road 

network are selected, BFS algorithms are executed with each of the selected root nodes.  From 

each selected root node j, the BFS selects adjacent nodes of j from the original road network if k 

is not included in any other BFS trees.  If k is already included in other BFS trees, j is marked as 

the border node.  This process is repeated until all nodes are selected.  Finally, m zones are 

created from the original network (Mainali et al. 2011).  

In the aggregation process, the hierarchical mapping algorithm (Jing 1998) is applied to 

the m zones given by the decomposition process.  The high-level network consists of borders and 

paths between the borders.  Each path between borders is the shortest path given by the 

Dijkstra’s algorithm.  In this way, a high-level network can be obtained, where Figure 5.2 depicts 

an overview of the partitioning procedure. 
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Figure 5.2: High-level network creation algorithm 

 

5.2.2 E-BDI-Based En Route Planning for High-Level Road Network 

The E-BDI-based en route planning shown in Section 3.2.1 has been employed to provide 

a new route plan in the aggregate road network.  Figure 5.3 shows an exemplary BN structure of 

a driver agent.  In this study, the travel time and road risk are considered as attributes.  The two 

attributes and risk weight are influenced by drivers’ perceived information about each path in a 

road network such as distance to destination, free flow travel time, traffic flow, and accident 

frequency.  
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Figure 5.3: BN of a driver agent 

 

In the E-BDI-based en route planning algorithm, the states of the two considered 

attributes and the risk weight are first inferred from the BN via probabilistic inference process.  

If the inferred state of the road risk (or travel time) is high, then 2.0 was assigned as the attribute 

value.  Otherwise, the value of road risk (or travel time) is set as 1.0.  Similarly, the risk weight 

is provided in the form of a two-dimensional weight vector based on the state of the risk weight 

(the sum of each weight vector is 1).  If the inferred state of the risk weight is high, the road risk 

has a higher weight than that of the travel time (e.g., a weight vector for risk-averse drivers is 0.7 

road risk and 0.3 for travel time).  Otherwise, the travel time has a higher weight than the road 

risk (e.g., a weight vector for risk-taking drivers is 0.3 for road risk and 0.7 for travel time).  

Each of the weight values for the road risk and travel time in the weight vector is multiplied by 

each attribute value via EDFT to select the most preferred path among the connected paths.  By 

multiple replications of the aforementioned procedure, EDFT enables to compute choice 

probabilities of paths in a road network.  Then, PDFS uses the choice probabilities obtained by 

EDFT to find a route from the origin node to the destination node (see Section 3.2.1).  
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5.3 Experiments and Results 

The performance of the proposed approach is evaluated using a road network in Phoenix, 

Arizona, which comprises of 11,546 nodes, 24,866 links, and 3,102,771 vehicles (see Figure 5.4).  

In this work, several experiments have been conducted on the DynusT (Dynamic Urban Systems 

in Transportation) simulation platform.  DynusT is a Simulation-Based Dynamic Traffic 

Assignment (SBDTA) software that is capable of performing mesoscopic simulation and 

dynamic traffic assignment for large-scale and regional networks for long time periods (Chiu et 

al. 2011).  DynusT has been applied in addressing lots of emergent transportation planning and 

operation issues.  The traffic simulation model within the existing DynusT package applies 

Anisotropic Mesoscopic Simulation (AMS) (Tian and Chui 2012; Chui et al. 2010), in which the 

prevailing speed of each vehicle is updated based on the traffic density within a certain range of 

area in front of the vehicle.  Agent-based models, such as the E-BDI framework (Lee et al. 2010) 

considered in this study, can be easily transplanted into DynusT due to its mesoscopic properties. 
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Figure 5.4: Snapshot of a Phoenix road network in DynusT 

 

In order to communicate with an E-BDI-based en route planning module written in Java, 

an interface coded in C++ is compiled as a dynamic link library to be called for by DynusT.  

Figure 5.5 presents the framework of the communication between DynusT and .DLL interface.  

Several data, such as a network topology, network configurations, real time link performance 

indices and real time vehicle statuses, are passed from the DynusT main program into the E-BDI-

based en route planning module through the .DLL interface.  The function to transfer vehicle 

status information, which depicts the current position and route of a certain vehicle, is triggered 

by predefined conditions.  A general delay tolerance model is adopted for this trigger.  Whenever 

the prevailing experienced travel time exceeds both the absolute delay threshold (the difference 

between the experienced travel time and the idealized travel time exceeds a certain user-defined 

value) and the relative delay threshold (the difference between the experienced travel time and 

the idealized travel time exceeds a certain percentage of the idealized travel time), the en route 
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planning behavior will be triggered and the vehicle’s current status will be passed into the E-

BDI-based en route planning module (Kim et al. 2014). 
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Figure 5.5: DynusT .DLL interface framework (Kim et al. 2014) 

 

The proposed DynusT .DLL interface framework communicates with the E-BDI-based 

en route planning module via web service, which enables communication between different 
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platforms and languages (e.g., C/C++, Java) over the World Wide Web.  Once the web service 

loads the E-BDI module written in Java, the .DLL interface of DynusT written in C++ can call 

the E-BDI-based hierarchical en route planning algorithm when the en route planning is 

triggered.  Once the E-BDI-based en route planning is triggered, the .DLL interface first requests 

the current road network information from the DynusT simulation model (e.g., topology of the 

network, traffic flows, travel time, and accident frequency of each link).  Then, the information is 

used by the E-BDI module loaded in the web service to generate a BN for the driver of each 

vehicle.  Based on the driver’s BN and individual vehicle information provided by DynusT (e.g., 

vehicle ID, current position, destination, and observed information about the road network), the 

E-BDI module generates a new route plan for this particular vehicle. 

The performance of the proposed approach is evaluated in terms of computational 

efficiency and accuracy.  For the efficiency evaluation, computations will be discussed when the 

original road network is aggregated to different levels.  Then, the route plans generated at 

different aggregation levels will be compared for an accuracy assessment.  Both experiments are 

conducted on a PC with Intel Core2 Duo P8400 @ 2.26GHz.  Table 5.1 gives the experiment 

setting for this performance analysis on the Phoenix road network.  In this section, the following 

notations are used: 1) R0 is a route plan obtained when the E-BDI-based en route planning is 

applied to the original road network without aggregation, and 2) Rm is a route plan obtained by 

the proposed E-BDI-based hierarchical en route planning when the original road network is 

aggregated with m zones (m ≥ 2). 

 

Table 5.1: Experiment setting for the performance analysis on the three networks 

Parameter Value 
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Number of replications 10 

Number of vehicles 3,102,771 vehicles 

Simulation time horizon 360 min. 

Origin node ID 4,048 

Destination node ID 7,093 

Number of vehicles with given OD pair 274 

Delay threshold for the 

en route planning 

Absolute Normal (10, 2) min. 

Relative 0.5 

 

5.3.1 Efficiency Comparison 

The proposed E-BDI-based hierarchical en route planning with m zones (Rm) is compared 

with the E-BDI-based en route planning (R0) using the average computation time of individual en 

route planning vehicles.  Figure 5.6 shows the average computation time of the proposed E-BDI-

based hierarchical en route planning approach under different aggregation levels.  The 

computation time for the partitioning process is not considered since it is an off-line process, 

which does not affect the simulation run time.   
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Figure 5.6: Average computation time of the E-BDI-based hierarchical en route planning 

 

In Figure 5.6, the zero zone case (R0) has a higher average computation time than any 

other cases with m zones (Rm).  Additionally, the average computation time increases as the 

number of zones increases.  This is because the complexity of the high-level network increases 

when the original network is divided into more zones with a small number of nodes in each zone.  

A small number of nodes in each zone improves the computation speed of Dijkstra’s algorithm, 

which has O(|E|+|V| log(|V|)), where V is the number of vertices and E is the number edges in a 

graph.  However, in this case, since there are many borders in the high-level network, the 

execution number of Dijkstra’s algorithm is increased to generate the paths between borders.  

Thus, the Dijkstra’s algorithm cannot reduce the entire computation complexity of the proposed 

E-BDI-based hierarchical en route planning approach.  The computation complexity of the 

Dijkstra’s algorithm in the proposed E-BDI-based hierarchical en route planning is shown below: 

 

𝑂 (∑ |𝐴𝑖|(|𝐸𝑖| + |𝑉𝑖| log(|𝑉𝑖|))
𝑚

𝑖=1
) 

 



 

127 

 

where Ai is the number of aggregate paths in zone i, Vi is the number of nodes in zone i, and Ei is 

the number of paths in zone i.  

On the other hand, the PDFS algorithm in the E-BDI framework has a significant 

influence on the computational complexity of the proposed E-BDI-based hierarchical en route 

planning.  This is because the DFS algorithm usually has a higher computational complexity than 

the Dijkstra’s algorithm.  Moreover, the PDFS algorithm is performed with computationally 

complex algorithms such as EDFT and BN.  Therefore, the PDFS algorithm, which has 

O(|V|+|E|), is the major factor impacting the entire computation complexity of the proposed E-

BDI-based en route planning approach so that the average computation time is almost linearly 

increased with the higher number of zones.  As a result, the computation time of the E-BDI-

based en route planning can be enhanced by the proposed hierarchical approach with a high 

aggregation level. 

 

5.3.2 Accuracy Comparison 

In order to measure the accuracy of the proposed E-BDI-based hierarchical en route 

planning, another experiment is designed to evaluate the similarity between outcomes obtained 

from the proposed hierarchical planning approach and the en route planning approach without an 

aggregation, using the following equation: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = |𝑅𝑚 ∩ 𝑅𝑜| |𝑅𝑚 ∪ 𝑅𝑜|⁄ = 1 − 𝐷(𝑚) 

 

The accuracy is the proportion of the number of matched paths between Rm and Ro to the number 

of paths in Rm or Ro.  If Rm and Ro have exactly same paths, the accuracy value is 1.0.   
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Figure 5.7: Average accuracy of the E-BDI-based hierarchical en route planning 

 

Figure 5.7 shows the compassion of the accuracy values for different aggregation levels.  

In fact, since the E-BDI-based en route planning is a probabilistic approach using PDFS, EDFT, 

and BN, it is unlikely to have the exactly same route plans even if the route plans are generated 

under the same traffic condition.  That is why the accuracy for the case with zero zone is less 

than 1.0.  Furthermore, the accuracy increases as the number of zones increases (i.e., a high-level 

network containing more details).  If the number of borders in a high-level network is the same 

as the number of nodes in a road network, the proposed hierarchical en route planning becomes 

the en route planning with the original road network (without aggregation) at the low-level.   
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Figure 5.8: Average travel time of the E-BDI-based hierarchical en route planning 

 

Figure 5.8 reveals the average travel time of vehicles with the proposed E-BDI-based 

hierarchical en route planning.  In terms of accuracy, the average travel time with m zones (Rm) 

becomes similar to that of the case with zero zone (Ro).  Moreover, the average travel time is 

reduced for the cases with a small number of zones.  This is because most of paths in a route plan 

are determined by the Dijkstra’s algorithm, which only considers the travel time to find the 

shortest path between borders.  In this case, since only a small number of paths in the route plan 

are related to the E-BDI framework, it is possible to not utilize the advantage of the E-BDI-based 

en route planning (i.e., consideration of the individual driver’s perception and preference on 

multiple attributes) when generating a route plan. 

 

5.4 Chapter Conclusion and Summary 

In this chapter, we have proposed an E-BDI-based hierarchical en route planning 

approach to mimic the drivers’ route planning behavior in a large-scale road network.  The 

original road network has been aggregated to a high-level road network in which the E-BDI-
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based en route planning algorithm is employed to mimic more realistic planning behaviors 

without a dramatic increase of the computational demand.  The proposed hierarchical en route 

planning approach has been implemented in Java-based E-BDI modules and DynusT traffic 

simulation software.  To demonstrate and validate our proposed approach, we have compared the 

performance in terms of computational efficiency and accuracy under various aggregation levels 

for a road network in Phoenix.  The experiments have revealed that the average computation 

time is reduced as the aggregation level increases.  On the other hand, the accuracy was 

increased as the aggregation level decreased.  In other words, the proposed E-BDI-based 

hierarchical en route planning allows us to balance between the computational efficiency and 

estimation accuracy based on specific requirements of different applications.    
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CHAPTER 6 

6. DUAL TOLL PRICING OF HAZARODOUS MATERIAL TRANSPORTATION BASED 

ON THE E-BDI FRAMEWORK 

This chapter introduces an optimization approach using the proposed E-BDI-based en 

route planning in Section 3.2.1 to mitigate potential risk of hazardous material (hazmat) 

transportation.  Especially, dual toll pricing (DTP), which is levying tolls on both hazmat 

vehicles as well as regular vehicles for using populated road segments to mitigate a risk of 

hazmat transportation, is devised via an agent-based simulation (ABS) in conjunction with the 

proposed E-BDI-based en route planning.  It intends to separate the hazmat traffic flow from the 

regular traffic flow via controlling the dual toll.  In order to design the DTP policy on a highly 

realistic road network environment involving drivers’ uncertain route planning behaviors, the E-

BDI framework is employed.  The proposed approach is implemented in AnyLogic ABS 

software with using a traffic data of Albany, NY.  Also, search algorithms in OptQuest® are used 

to determine the optimum DTP policy, which results in the minimum risk and travel cost based 

on the simulation results.  The result reveals the effectiveness of the proposed approach in 

devising a reliable policy under the realistic road network conditions. 

 

6.1 Background 

A hazardous material (hazmat) is defined as any substance or material that could 

adversely affect the safety of the public, handlers or carriers during transportation (Department 

of Transportation (DOT) 2013).  Over the years, hazmat transportation accidents have resulted in 

serious consequences in terms of deaths and major injuries.  For instance, in the US, about 6,895 

pounds of the anhydrous ammonia was released on the highway and near a wooded area in 2009, 
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from which one person was killed and seven people were injured because of ammonia poisoning.  

In addition, the anhydrous ammonia cloud caused temporary discoloration of vegetation in the 

area (PHMSA 2013).  In addition to the human injuries, the hazmat transportation accidents have 

been responsible for monetary damages as well.  For example, in 2012, in the U.S., there were 

13,675 accidents caused by hazmat transportation with a total of $59 million in damages.  

Among them, about 85.72% of the total hazmat accidents occurred on highway with a total of 

$ 49 million in damages (PHMSA 2013).  Therefore, for the public safety and economic 

consideration, the hazmat transportation on the highway has received the keen attention of 

government agencies such as the U.S. Texas Department of Transportation (DOT). 

Currently, government agencies in North America and Europe are trying to mitigate risk 

associated with the hazmat transportation on a road network by separating the hazmat traffic 

flow from normal traffic flow, especially high-density traffic flows.  An example of this is the 

ban on trucks carrying non-radioactive hazmat on certain road segments (e.g., the Texas DOT 

has a list of prohibited roads for Texas in 2009).  In the literature, these types of policies are 

categorized into network-design (ND) policy.  Significant research works have been done in this 

field to minimize hazmat transportation risk (e.g., Kara and Verter 2004).  The ND policy is very 

effective to restrict hazmat traffic from highly dense regular traffic flow.  However, the main 

limitation of the ND policy is not to consider the carriers’ priorities such as a travel cost and 

wastes the usability of certain road segments.  Moreover, only restricting certain road segments 

sometimes cannot rationally adjust the hazmat flows to areas with less risk (Wang et al. 2011). 

Accordingly, an alternative policy tool, toll-setting policy (TS) which is a more flexible 

restriction policy for hazmat shipments than the ND policy, was proposed by Marcotte et al. 

(2009) to deter hazmat carriers from using certain road segments via toll pricing.  Unlike the ND 
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policy, the TS policy allows a government agency to consider the drivers’ and carriers’ priorities 

such as drivers’ preference to avoid the road which has a high risk, and carrier companies try to 

achieve more profit by choosing the least cost path that reduces an operational cost (Pécheux et 

al. 2004), simultaneously.  Recently, Wang et al. (2011) suggested a dual toll pricing framework 

to control both regular and hazmat traffic flows for the public safety since hazmat carriers are not 

only a part of the hazmat traffic flows, but also belong to, and cannot be separated from the 

regular traffic flows.  By separating the hazmat traffic from the heavy-congestion regular traffic 

flows, the dual toll policy tries to mitigate severe accident risks and to avoid peak-time traffic 

congestions.  However, the existing research works have some unrealistic assumptions, for 

example, individual driver’s behavior (e.g., route planning behavior) is the same as others and 

the driver has perfect information of the current status of the network.  Thus, in order to design 

and evaluate a more reliable dual toll pricing policy, this study adopts the E-BDI-based en route 

planning model addressed in Section 3.2.1, which is able to demonstrate an individual driver’s 

route choice behavior with imperfect information in an agent-based simulation (ABS) model. 

 

6.2 Proposed Simulation Model and Underlying Components  

Search algorithms available in OptQuest® are used to find the optimal/near optimal DTP 

that results in the minimum risk and travel cost based on the collected information from ABS.  

The OptQuest® incorporates a combination of three meta-heuristics (Glover et al. 1999): scatter 

search (SS), tabu search (TS), and neural networks (NN).  Figure 6.1 shows a pseudo code of the 

proposed process to find the optimum dual toll pricing policy using the E-BDI framework (Lee 

et al. 2010).  In the optimization process, once the OptQuest® sets the dual toll pricing policy, 

ABS, which includes the proposed E-BDI-based en route planning model in Section 3.2.1 to 
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address route planning behaviors of hazmat and regular drivers, is executed.  Since the toll price 

has an impact on the driver’s route choice behavior, it affects both hazmat and regular traffic.  

More specifically, tolls encourage drivers to choose a less populated road according to the 

carrier’s own selection due to economic consideration.  The ABS collects the data such as 

hazmat traffic flow, regular traffic flow, and the average travel time of hazmat and regular 

vehicles for a certain link.  This data is collected when the simulation is in the steady state (i.e., 

convergence of traffic flows of the road network).  As a result, the proposed approach has a 

feedback loop that means the ABS model and optimization algorithm keep running until they 

find the optimal/near optimal DTP with minimum risk and travel time.  Once the process reaches 

specified iterations or no significant improvement in solutions has occurred, the optimization 

process is terminated. 

 

 

Figure 6.1: Pseudo code of the DTP policy optimization based on the E-BDI framework 

 

6.2.1 Agent-Based Simulation Module 

There are three types of drivers in ABS module: 1) risk-averse regular drivers who have 

higher preferences on road risks than travel cost; 2) risk-taking regular drivers who have higher 

preferences on travel cost than road risk; and 3) hazmat drivers who only care about the travel 

1:   INITIALIZE total number of regular vehicles u and hazmat vehicles v and a range of the 

toll pricing policy for regular vehicles α and hazmat vehicles β 

2:   REPEAT 
3:     SET a toll price policy (It) 
4:     RUN an agent-based simulation model with the extended BDI framework 

5:     IF the simulation is in steady state THEN  

6:       COMPUTE the value of objective function f(It) 

7:       IF f(It) < f(It-1) THEN 
8:         SAVE f(It)  and output of the simulation model (e.g., traffic flow of each link) (Ot) 
9:   UNTIL the objective function does not have significant improvement (|f(It)-f(It-1)|< θ)  

10: RETURN f(It) and Ot   
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cost in relation to their own profit.  The E-BDI framework is adopted to mimic the drivers’ route 

choice behavior regarding their own preferences and beliefs about road conditions (e.g., traffic 

flow of regular vehicles and hazmat truck frequency).  The drivers’ planning behavior based on 

their perceived information is especially designed under the E-BDI framework.  Details of the 

route planning are addressed in Section 3.2.1.  

Figure 6.2 shows the BN structure of a regular driver agent used in this study.  It 

generates beliefs on two main attributes (e.g., travel cost and road risk) considering driver’s 

perception on environmental variables such as the distance from the destination, free flow travel 

time, traffic flow, hazmat truck frequency, and toll price.  Since the BN is a probabilistic 

inference model based on an individual driver’s experience, each driver can have his or her own 

beliefs of attributes.  

 

 

Figure 6.2: BN of a regular driver agent 

 

Once beliefs about attributes (i.e., risk and travel cost) are inferred by BN inference, the 

value matrix M(t) is created.  Thus, by using the value matrix M(t) and the weight vector W(t), 
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EDFT calculates preference values considering the number of links on the intersection (i.e., the 

number of options) and gives the choice probability by normalizing the preference values (see 

Section 3.2.1 for more details).  Each element of M(t) will have 1 (Low) or 2 (High) based on 

inferred state of an attribute.  Table 6.1 reveals the weight vector W(t) with different types of 

regular drivers so that each driver type has different preferences on each link.  

 

Table 6.1: The weight vector W(t) of regular drivers 

Driver Type Risk-Averse Risk-Taker 

𝑊(𝑡) = [
𝑊𝑟𝑖𝑠𝑘(𝑡)

𝑊𝑡𝑟𝑎𝑣𝑒𝑙𝑐𝑜𝑠𝑡(𝑡)
] [

𝑢𝑛𝑖𝑓𝑜𝑟𝑚(0.5,0.7)

1 − 𝑊𝑟𝑖𝑠𝑘(𝑡)
] [

𝑢𝑛𝑖𝑓𝑜𝑟𝑚(0.3,0.5)

1 − 𝑊𝑟𝑖𝑠𝑘(𝑡)
] 

 

However, a driver of a hazmat vehicle only considers travel cost as an attribute 

(Wtravelcost(t)  = 1 and Wrisk (t)  = 0) since the intention to drive is to increase the benefit or reduce 

the cost.  The observations on four environmental variables are used to generate beliefs on travel 

cost.  As a result, the computed choice probability via EDFT is used in PDFS to generate a route 

plan for an individual driver.  In this way, the driver agent enables to get a route plan based on 

each driver’s perceived information on the road network.  The proposed route planning model is 

implemented in AnyLogic ABS software. 

 

 Car-Following and Lane-Changing Models in ABS 

In addition to the drivers’ en route planning behaviors, two major movements of vehicles, 

namely car-following and lane-changing, are considered in this study via the road traffic library 

in AnyLogic, which is designed to model, simulate, and visualize vehicle traffic regarding 

physical movements of vehicles (AnyLogic 2015).  According to the car-following algorithm 
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proposed by Yeo and Skabardonis (2007), the nth vehicle’s position after a simulation time step 

Δt is determined by its performance and the previous (n-1)th vehicle’s performance: 

 

𝑓𝑛(𝑡 + ∆𝑡) = max{𝑓𝑛
𝑈(𝑡 + ∆𝑡), 𝑓𝑛

𝐿(𝑡 + ∆𝑡)}                                   Eq.  (6.1) 

 

In Eq. (6.1), the lower bound of position 𝑓𝑛
𝐿 is regulated by the vehicle’s current position and the 

maximum deceleration capability: 

 

𝑓𝑛
𝐿(𝑡 + ∆𝑡) = max{𝑓𝑛(𝑡) + 𝑧𝑛(𝑡)∆𝑡 + 𝑎𝑛

𝐿 ∆𝑡2, 𝑓𝑛(𝑡)}                        Eq.  (6.2) 

 

where 𝑧𝑛(𝑡) is the nth vehicle’s speed at time t and 𝑎𝑛
𝐿  is the nth vehicle’s maximum deceleration 

rate.  Similarly, the upper bound of position 𝑓𝑛
𝑈 is determined by the four following rules:  

𝑓𝑛
𝑈(𝑡 + ∆𝑡) = min{𝑓𝑛

𝐶𝐹 , 𝑓𝑛
𝑀𝐴𝐶 , 𝑓𝑛

𝐹𝐹 , 𝑓𝑛
𝑀𝑆𝐷𝐷}                           Eq.  (6.3) 

The Newell’s car-following rule is: 

𝑓𝑛
𝐶𝐹 = 𝑓𝑛−1(𝑡 + ∆𝑡 − 𝜏𝑛) − 𝑙𝑛−1 − 𝑔𝑛

𝑗𝑎𝑚
                        Eq.  (6.4) 

The maximum acceleration capability is: 

𝑓𝑛
𝑀𝐴𝐶 = 𝑓𝑛(𝑡) + 𝑧𝑛(𝑡)∆𝑡 + 𝑎𝑛

𝑈∆𝑡2                            Eq.  (6.5) 

The free flow speed is: 

𝑓𝑛
𝐹𝐹 = 𝑓𝑛(𝑡) + 𝑧𝑛

𝑓(∆𝑡)                                       Eq.  (6.6) 

The maximum safety driving distance is: 

𝑓𝑛
𝑀𝑆𝐷𝐷 = 𝑓𝑛(𝑡) + ∆𝑓𝑛

𝑠(𝑡 + ∆𝑡)                                Eq.  (6.7) 
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In these equations, 𝑙𝑛−1 is the length of (n-1)th vehicle, 𝑔𝑛
𝑗𝑎𝑚

 is the jam gap between (n-1)th and 

nth vehicle, 𝑎𝑛
𝑈 is the maximum acceleration rate of the nth vehicle, 𝑧𝑛

𝑓
 is the free flow speed of 

the nth vehicle, and ∆𝑓𝑛
𝑠 is the safety driving distance derived from Gipps (1981). 

In addition, owing to the limited capabilities of the road traffic library in AnyLogic, this 

study only considers the mandatory lane-changing (MLC) that occurs when a vehicle needs to 

follow another roadway associated with its route plan (e.g., taking an exit ramp on a highway).  

However, other behavior models, such as the discretionary lane-changing (DLC) that is optional 

and allows a vehicle to increase speed or improve position (Yeo and Skabardonis 2007), can be 

implemented in the future for more realistic behavior modeling.  Eq. (6.8) and Eq. (6.9) show the 

MLC models based on two gap acceptance conditions (i.e., lead gap and lag gap) to prevent 

crashes between a subject vehicle and vehicles on a target lane.  The lead gap acceptance 

condition is 

𝑓𝑛(𝑡) ≤ 𝑓
(𝑛−1)′

(𝑡) − [𝑙
(𝑛−1)′

+ 𝑔𝑛
𝑗𝑎𝑚

] −
[𝑧𝑛(𝑡)]2

2𝑎𝑛
𝐿 − 𝑧𝑛(𝑡)𝜏𝑛 +

[𝑧
(𝑛−1)′

(𝑡)]

2

2𝑎
(𝑛−1)′
𝐿           Eq.  (6.8) 

and the lag gap acceptance condition is 

𝑓𝑛(𝑡) ≥ 𝑓
(𝑛+1)′

(𝑡) + 𝑙𝑛 + 𝑔𝑛
𝑗𝑎𝑚

−
[𝑧𝑛(𝑡)]2

2𝑎𝑛
𝐿 +

[𝑧
(𝑛+1)′

(𝑡)]

2

2𝑎
(𝑛+1)′
𝐿                         Eq.  (6.9) 

where τn is the wave travel time (or perception reaction time) for the nth vehicle.  Both gaps are 

computed regarding each nth vehicle’s position fn, speed zn, and stopping distance [𝑧𝑛(𝑡)]2 2𝑎𝑛
𝐿⁄ }.  

The (n-1)'th vehicle and the (n+1)'th vehicle are the leading and following vehicles to the nth 

vehicle on a target lane, respectively.  If either of the two conditions is not satisfied, the nth 

vehicle is not allowed to change its lane.  As a result, since ABS is able to consider such detailed 
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movements of vehicles involving individualized route plans, it provides realistic estimates of 

travel time and potential risks of hazmat trucks.  

 

6.2.2 Optimization Module 

This module finds the optimum DTP regarding evaluation results given by ABS.  To this 

end, we present a mathematical formulation for DTP problem.  Let G = (N, A) be a network, 

where N and A denote the set of nodes and links, respectively.  Consider we have Origin and 

Destination (OD) pair sets for both regular and hazmat transportation, denoted by K and Q 

respectively.  Corresponding to each OD pair 𝑘 ∈ 𝐾 or 𝑞 ∈ 𝑄, there is a traffic demand vector bk 

or dk, respectively.  For each demand vector k and q, there exist arc flow vectors xk and yq.  The 

sum of all regular OD pair flows is the regular aggregate flow v and sum of all hazmat OD pair 

flows is the hazmat aggregate flow u. 

The feasible flow for the network is defined as follows: 

 

𝑉 = {𝑣: 𝑣 = ∑ 𝑥𝑘

𝑘∈𝐾

, 𝐴𝑥𝑘 = 𝑏𝑘, 𝑥𝑘 ≥ 0, ∀𝑘 ∈ 𝐾} 

𝑈 = {𝑢: 𝑢 = ∑ 𝑦𝑞

𝑞∈𝑄

, 𝐴𝑦𝑞 = 𝑑𝑞 , 𝑦𝑞 ≥ 0, ∀𝑞 ∈ 𝑄} 

 

According to Wardrop’s first principle (Florian and Hearn 1995), the driver wants to 

minimize his or her individual travel cost by choosing the least cost link that he or she sees on a 

map of the existing traffic flow.  This is known as a user equilibrium, which can be stated as a 

variational inequality problem.  For example, let’s assume that a driver only considers travel time 
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as his or her travel cost.  A traffic flow �̅� ∈ 𝑉 of regular vehicles is the network user equilibrium 

if and only if �̅� satisfies the following variational inequality: 

 

𝑠(�̅� + �̅�)𝑇(𝑣 − �̅�) ≥ 0, ∀𝑣 ∈ 𝑉 

 

where s(·) is travel time function that is given by the simulation model.  Similarly, for a given 

�̅� ∈ 𝑉, a traffic flow �̅� ∈ 𝑈 of hazmat truck is the network user equilibrium if and only if �̅� 

satisfies the following variational inequality: 

 

𝑠(�̅� + �̅�)𝑇(𝑢 − �̅�) ≥ 0, ∀𝑢 ∈ 𝑈 

 

The above equilibrium flows �̅� and �̅� are identical to the system optimum, which is a 

solution of the following linear program: 

 

�̅� = argmin
𝑢∈𝑈

[𝑠(�̅� + �̅�)]𝑇𝑢 

�̅� = argmin
𝑣∈𝑉

[𝑠(�̅� + �̅�)]𝑇𝑣 

 

In the dual toll pricing model, we force drivers to change their behaviors by a toll 

imposed on the highway to achieve the system optimum.  After charging the toll α for the regular 

traffic flow and β for the hazmat traffic flow, the tolled user optimum problem becomes:   

 

[𝑠(�̅� + �̅�) + 𝛽]𝑇(𝑢 − �̅�) ≥ 0, ∀𝑢 ∈ 𝑈 

[𝑠(�̅� + �̅�) + 𝛼]𝑇(𝑣 − �̅�) ≥ 0, ∀𝑣 ∈ 𝑉 
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In reality, the driver wants to minimize the travel time by choosing the shortest link from 

the existing traffic flow map.  In this paper, the average travel time for the vehicle on link a 

𝑠𝑎(𝑣𝑎 + 𝑢𝑎) is given by simulation model, where va is the traffic flow of the regular vehicles for 

link a, and ua is the traffic flow of the hazmat vehicles for link a, respectively.   

Moreover, for the risk of hazmat vehicles, we include a duration-population-frequency 

risk function that is similar to risk function of Cekyay and Verter (2010): 

 

𝑟𝑎(𝑣𝑎, 𝑢𝑎) = 𝑠𝑎(𝑣𝑎 + 𝑢𝑎)𝜌𝑎𝑢𝑎 

 

where ρa is the population exposure along the link a.  We consider the risk caused only by 

hazmat trucks accidents, but the amount of traffic on particular link a would increase the 

probability of accidents of hazmat trucks.  Therefore, it is obvious to write ra as a function of 

both va and ua.   

Using the travel time and the risk function, the dual toll pricing problem can be 

formulated as follows: 

 

min
𝑢,𝑣,𝛼,𝛽

𝐽 = {𝑤1[𝑟(𝑣, 𝑢)]𝑇𝐴 + 𝑤2[𝑠(𝑣 + 𝑢)]𝑇𝑣 + 𝑤3[𝑠(𝑣 + 𝑢)]𝑇𝑢}        Eq.  (6.10) 

 

Subject to 

[𝑠(𝑣 + 𝑢) + 𝛼]𝑇(𝑡 − 𝑣) ≥ 0, ∀𝑡 ∈ 𝑉                                Eq.  (6.11) 

[𝑠(𝑣 + 𝑢) + 𝛽]𝑇(𝑟 − 𝑢) ≥ 0, ∀𝑟 ∈ 𝑈                               Eq.  (6.12) 

𝑣 ∈ 𝑉                                                        Eq.  (6.13) 
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𝑢 ∈ 𝑈                                                        Eq.  (6.14) 

𝛼, 𝛽 ≥ 0                                                      Eq.  (6.15) 

                                   

where w1, w2, and w3 are the weights for risk, travel delay of regular vehicle, and travel delay of 

hazmat trucks, and 𝐴 = (1)𝑎∈𝐴.  

In the above formulation, the objective function Eq. (6.10) tries to minimize the hazmat 

risk and the travel delay of regular and hazmat vehicles.  The constraint Eq. (6.11) ensures that v 

is a tolled user optimum flow with respect to toll α.  The constraint Eq. (6.12) ensures that u is a 

tolled user optimum flow with respect to toll β.  The constraints Eq. (6.13) and Eq. (6.14) ensure 

that v and u are feasible aggregate flows.  Constraint Eq. (6.15) makes sure that the toll cost for 

regular and hazmat traffic flows are always greater than or equal to zero. 

 

6.3 Experiments and Results 

This section considers route data of an Albany road network in the New York State in 

order to demonstrate the efficiency of the proposed DTP approach.  The ABS model has been 

developed in AnyLogic 6.8.0 software.  More detailed information of the simulation model and 

experimental results will be addressed in the following sections.  

 

6.3.1 Experimental Setting 

An ABS model is developed based on highway network data of Albany in the New York 

State as shown in Table 6.2.  The road network is comprised of 12 nodes (link intersections) and 

18 links.  Averages of link distance, free flow speed, and population density are 6.04 miles, 65 

miles/hour, and 1843 people/mile2, respectively.   
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Table 6.2: Road network data in Albany 

Nodes 

Distance 

(miles) 

Free flow 

speed 

(miles/hour) 

Population 

density 

(people/mile2) 

Start End 

Origin 1 2.78 65 647 

1 2 8.15 65 647 

1 3 7.02 65 647 

2 4 6.1 65 1841 

3 2 3.01 65 1841 

3 5 8.86 65 1358 

4 6 5.89 65 7286 

4 7 5.72 65 2736 

4 10 5.93 65 2736 

5 4 5.33 65 1391 

5 6 9.77 65 2389 

6 9 8.14 65 238 

6 10 2.02 65 2847 

7 8 14.25 65 212 

8 Destination 1.9 65 148 

9 8 5.63 65 210 

10 7 1.49 65 4746 

10 9 6.76 65 1255 
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Figure 6.3 shows a developed snapshot of the ABS model.  The underlying assumption of 

the model is that individual drivers move from the origin node to the destination node 

continuously.  In other words, when a driver arrives at his or her destination, he or she starts 

again from the origin node with its previous travel knowledge.  This process continues until the 

model has a stable travel time and road risk (stationary state of the simulation model). 

 

 

Figure 6.3: Snapshot of the AnyLogic model and route map of Albany 

 

Whith the proposed ABS model, the experiment is conducted with single hazmat type 

and two types of regular drivers, namely risk-averse and risk-taker.  For each experiment, the 

total number of regular vehicle driver agents is taken as 900 (each regular driver type has 450 

agents) and the number of simulation replications is set to 10.  The details of ABS model 

parameters are shown in Table 6.3. 

 

Table 6.3: Assumed parameter values in the simulation model 

Parameter Value 

Number of regular vehicles 900 
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Number of hazmat vehicles 100 

Number of iterations 50 

Number of replications 10 

Arrival rate of vehicles 100 vehicles/hr. 

maximum acceleration rate uniform (10,12) feet/sec2 

maximum deceleration rate uniform (-12, -8) feet/sec2 

 

6.3.2 Results and Discussions 

The proposed agent-based simulation model evaluates the impacts of toll pricing values 

on traffic flow including hazmat and regular and the best one is obtained via using OptQuest®, 

which minimizes road risk and travel time.  The experiments were performed on the desktop: 

Intel Core2 Duo P8400 with 2.26GHz.  Each replication in the agent-based simulation took 

1,143 seconds (95% C.I. half width: 812) to get converged traffic flow for each vehicle, 

including hazmat and regular.  Moreover, the total optimization time of OptQuest® took 15.88 

hours (with 50 iterations and 10 replications).   

In order to understand the impact of the dual toll pricing policy on hazmat risk and travel 

time (delay), its performance was compared with the minimum travel cost of regular traffic (vso) 

and the minimum risk flow of hazmat traffic (uso) given the regular traffic (vso).  For further 

validation of the proposed approach, the same metrics used by Wang et al. (2011) were adopted. 

 

Change of Risk: [𝑟(𝑢∗, 𝑣∗) − 𝑟(𝑢𝑠𝑜 , 𝑣𝑠𝑜)] 𝑟(𝑢𝑠𝑜 , 𝑣𝑠𝑜)⁄  

Change of Delay (regular vehicle: R): [𝐷(𝑣∗) − 𝐷(𝑣𝑠𝑜)] 𝐷(𝑣𝑠𝑜)⁄  

Change of Delay (hazmat vehicle: H): [𝐷(𝑢∗) − 𝐷(𝑢𝑠𝑜)] 𝐷(𝑢𝑠𝑜)⁄  
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Tolls Collected (regular vehicle: R): 𝛼𝑇𝑣∗ 

Tolls Collected (hazmat vehicle: H): 𝛽𝑇𝑢∗ 

Where, 

𝐷(𝑣𝑠𝑜) = 𝑠(𝑣𝑠𝑜 + 𝑢𝑠𝑜)𝑇(𝑣𝑠𝑜)  

𝐷(𝑣∗) = 𝑠(𝑣∗ + 𝑢∗)𝑇𝑣∗  

(𝑢∗, 𝑣∗) = argmin
𝑢,𝑣

𝐽  

𝑣𝑠𝑜 = argmin
𝑣

{∑ [𝑠𝑎(𝑣𝑎 + 𝑢𝑎)𝑣𝑎]𝑎∈𝐴 }  

𝑢𝑠𝑜 = argmin
𝑢

{𝑤1[𝑟(𝑣𝑠𝑜 , 𝑢)]𝑇𝐴 + 𝑤2[𝑠(𝑣𝑠𝑜 + 𝑢)]𝑇𝑣𝑠𝑜 + 𝑤3[𝑠(𝑣𝑠𝑜 + 𝑢)]𝑇𝑢}  

 

With these measures, we compare the dual-tolled traffic flows (𝑢∗, 𝑣∗) with the traffic 

flows (𝑢𝑠𝑜 , 𝑣𝑠𝑜) at the regular traffic’s system optimum.   

First, 1000 driver agents involving 900 regular driver agents and 100 hazmat driver 

agents on the road network are considered. The regular driver agents include 450 risk-averse 

agents (50%) and 450 risk-taker agents (50%) with different w1 when w2=1 and w3=1. Figure 6.4 

indicates that with an increase in w1, the risk is reduced but there is an increase in the travel time 

of regular traffic since they prefer compromising on the travel time so that the road risk can be 

decreased. This indicates that the travel time of hazmat vehicle reduces since the same road 

network is shared by hazmat and regular vehicles. In fact, a different route, which has a lower 

rate of regular traffic, is chosen by the hazmat vehicle in this case. Thus, it can be stated that the 

separation of regular and hazmat traffic flow could be facilitated through the DTP. 
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Figure 6.4: Sensitive analysis about w1 with given w2=1 and w3=1 (450 risk-takers) 

 

Second, to determine how the travel time sensitivity of vehicles is affected by the dual 

toll policy, we alter w2 and w3, respectively, according to the same assumptions as the preceding 

experiment. Figure 6.5(a) indicates that with a rise in w2, the road risk also increases because the 

dual toll pricing policy attempts to decrease the time delay of regular vehicles. To reduce time 

delay of regular vehicles, the road risk can be compromised in this case (see Figure 6.5(b)).  In 

addition, it is revealed in Figure 6.6 that besides regular traffic, the dual toll pricing policy even 

impacts the hazmat traffic. To be more specific, there is an increase in time delay of regular 

vehicles when w3 increases. In such a case, the travel time of regular vehicles is compromised for 

the travel time of hazmat vehicles because the dual toll policy is primarily concerned about 

hazmat vehicles’ time delay with w3. Thus, to achieve a balanced flow of traffic with regard to 

the road safety and economic aspect (e.g., transportation of material for industries), both vehicles 

should be considered simultaneously by the toll price policy.  
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Figure 6.5: Sensitive analysis about w2 with given w1=1 and w3=1 (450 risk-takers) 

 

 

Figure 6.6: Sensitive Analysis about w3 with given w1=1 and w2=1 (450 risk-takers) 

 

Third, various proportions of risk-taking agents are taken into account, including 700 

risk-averse agents (78%) and 200 risk-taking agents (22%). Similar to Figure 6.4, Figure 6.7 

reveals that with a rise in w1, travel time of regular traffic increases and the risk is reduced. 

However, compared to Figure 6.7, these changes are of lesser magnitude. Several regular 

vehicles are separated from the hazmat traffic prior to the implementation of dual toll pricing 

policy because in this case there are a higher number of risk-averse agents who attempt to select 

a route with a lower hazmat risk than that of the case with 450 risk-averse agents. Therefore, 

there is very little influence of the dual toll pricing policy when there are a high number of risk-

averse agents. This implies that a dual toll pricing policy is highly influenced by different kinds 

of drivers having different personalities. 
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Figure 6.7: Sensitivity analysis about w1 with given w2=1 and w3=1 (200 risk-takers) 

 

6.4 Chapter Conclusion and Summary 

In this chapter, a simulation-based optimization approach for dual toll pricing policy 

under the E-BDI framework has been proposed to mitigate the hazmat transportation risk.  This 

study aims to design a more realistic dual toll pricing policy that controls both regular and 

hazmat traffic to lessen the transport risk.  To this end, the E-BDI framework has been adopted 

to mimic a driver’s route choice behavior.  Two types of regular drivers, i.e., a risk-taker and a 

risk-averse, have been considered.  The E-BDI-based route planning model of drivers has been 

implemented in AnyLogic.  The proposed approach has been then illustrated for a dual toll 

pricing problem involving the real traffic data of Albany, NY.  Furthermore, OptQuest® has been 

used as a search algorithm to find the optimum DTP according to evaluation results given by 

ABS.  As a part of validation, optimization results given by the proposed approach have been 

compared with those of existing DTP optimization approach under the same metric.  The 

comparison results have shown that the proposed simulation-based optimization approach 

enables us to develop a more reliable DTP policy with various drivers’ preferences and 

decisions. 
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CHAPTER 7 

7. SUMMARY AND CONCLUSIONS 

7.1 Research Summary 

In this research, a realistic drivers’ learning behavior model was proposed to represent 

their uncertain perception and interactions with other drivers.  The proposed learning model was 

based on the Extended Belief-Desire-Intention (E-BDI) framework and two major decisions 

arising in transportation (i.e., route planning and decision-making at an intersection).  More 

specifically, the learning behavior was modeled via the dynamic evolution of a Bayesian network 

(BN) structure.  The proposed dynamic algorithm considered three underlying assumptions: 1) 

the limited memory of a driver, 2) learning with incomplete observations of road conditions, and 

3) non-stationary road conditions.  Thus, the learning algorithm enabled driver agents to 

understand real-time road conditions and estimate future road conditions based on their past 

knowledge.   

In addition, interaction behaviors were also incorporated into the E-BDI framework to 

address the influence of interactions on the driver’s learning behavior.  In this work, five major 

human interactions were adopted from social science literature: 1) avoidance, 2) accommodation, 

3) compromise, 4) collaboration, and 5) competition.  The first three interaction types helped to 

explain the information exchange behavior between drivers (e.g., finding a route using a 

navigation system), while the last two interaction types were related to behavior not involving 

information exchange (e.g., finding a route based on the driver’s own experiences).   

To calibrate the proposed learning behavior and evaluate its performance in terms of 

inference accuracy and computational efficiency, the drivers’ decision data were collected via a 

human-in-the-loop experiment involving a driving simulator.  Moreover, the proposed model 
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was used to demonstrate the impact of the five interactions on drivers’ learning behavior under 

an en route planning scenario with real traffic data from Albany, New York and Phoenix, 

Arizona.  In this work, two major traffic simulation platforms, AnyLogic and DynusT, were used 

for the demonstration.  The experimental results in this work revealed that the proposed model 

was effective in modeling realistic driver learning behavior regarding their interactions with 

other drivers. 

 

7.1.1 Contributions of the E-BDI Framework to Dynamic Drivers’ Learning Behavior 

Modeling 

In this dissertation, a driver’s dynamic learning model based on BN dynamic structure 

learning and human interactions under the E-BDI framework was proposed.  First, to mimic 

drivers’ perception and reasoning behavior, the proposed dynamic structure learning approach 

considered the following three assumptions: 1) the limited memory of a driver, 2) learning with 

incomplete observations of road conditions, and 3) non-stationary road conditions.  Based on 

these assumptions, a robust BN which could handle the evolution of the probabilities and 

dependencies between variables was devised.  In order to understand real drivers’ perception and 

inference behavior at an intersection, a human-in-the-loop experiment via a virtual reality driving 

simulator was conducted.  The collected responses of participants were used to validate the 

proposed approach.   

Second, the proposed model adopted five types of human interactions, namely 

accommodation, compromise, collaboration, avoidance, and competition, and incorporated them 

into the E-BDI framework.  The five interaction types were categorized into information 

exchange and non-information exchange interaction types.  A route-choice problem for hazmat 
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transportation was used to demonstrate the effectiveness of the proposed decision-making model 

under different conditions.  Among the five interaction types, accommodation, compromise, and 

collaboration explained the agents’ learning behavior through information exchange, while a 

game-theoretic approach was implemented to illustrate competition and avoidance interactions 

for limited resources.  The validation results revealed that the proposed dynamic learning model 

could accurately mimic drivers’ decision-making behavior under the evolved road environment.   

 

7.1.2 Contributions to the Impact of a Road Environment on Drivers’ Decisions in the 

Dilemma Zone 

One of the goals in this dissertation was to accurately predict drivers’ decisions at an 

intersection and to reduce the potential risk of crashes using agent-based simulation (ABS).  To 

this end, this dissertation proposed an E-BDI-based dilemma-zone model involving various 

external factors in the roadway environment (i.e., the movement of vehicles passing to the side, 

the presence of a red light photo enforcement camera, and the presence of a pedestrian 

countdown signal) in addition to the two factors in the ITE dilemma-zone model (i.e., the 

vehicle’s speed and distance to stop line).  The first three factors were called external 

information and the last two factors were called internal information.  The proposed E-BDI-

based dilemma-zone model was calibrated with drivers’ responses collected via a driving 

simulator, and was implemented using AnyLogic ABS software.  The experiments revealed that 

knowing the external information can increase the prediction accuracy of drivers’ behavior, 

especially when the drivers are under time pressure in low traffic conditions.  It means that the 

proposed E-BDI-based dilemma-zone model can be used to mitigate the potential risk of 

collisions at intersections under different traffic conditions.   
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7.1.3 Contributions of Hierarchical En Route Planning to the E-BDI Framework 

The E-BDI-based hierarchical en route planning approach was introduced to mimic 

drivers’ dynamic route-choice behavior in a large-scale road network.  By aggregating the 

original road network with a high-level road network for the E-BDI-based en route planning, the 

proposed approach was able to create a realistic route plan without a dramatic increase in the 

computational demand.  The integrated platform, using Java-based E-BDI modules and DynusT 

traffic simulation software, demonstrated and validated the proposed hierarchical en route 

planning approach for a Phoenix, Arizona road network.  The performance in terms of 

computational efficiency and accuracy was evaluated.  The experiments revealed that the 

proposed E-BDI-based hierarchical en route planning method allowed us to balance between 

computational efficiency and estimation accuracy based on the specific requirements of different 

applications. 

 

7.1.4 Contributions to the Dual-Toll Pricing of Hazardous Material Transportation based 

on the E-BDI Framework 

In this dissertation, a simulation-based optimization approach for a dual-toll pricing 

(DTP) policy under the E-BDI framework was proposed to mitigate the potential risk of hazmat 

transportation.  The proposed approach aimed to design a practical DTP policy which controlled 

both regular and hazmat traffic to lessen the transportation risk.  The proposed approach 

employed the E-BDI framework to consider the uncertain reasoning behavior of drivers.  Under 

the AnyLogic platform, based on real traffic data from Albany, New York, the proposed 

approach for the DTP problem was demonstrated.  OptQuest®, the optimization module in 
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AnyLogic, was able to find the optimum DTP according to the evaluation results given by ABS.  

The comparison of the optimization results revealed that the proposed simulation-based 

optimization approach enabled us to develop a more reliable dual-toll pricing policy with various 

drivers’ preferences and decisions. 

 

7.2 Firsts in the Research 

To the best of our knowledge, the following were achieved first in this research. 

 This is the first modeling work of drivers’ uncertain perceptions and reasoning processes 

under the E-BDI framework.  Especially, en route planning and decision-making 

behavior under dynamic road conditions were addressed to demonstrate the modeling 

capability of the E-BDI framework.  The proposed approach overcame the limitations of 

existing route-planning algorithms, such as Dijkstra, A*, and time-dependent shortest-

path (TDSP) finding, as follows:   

1. Drivers could make decisions with incomplete information about a road network;  

2. Drivers could find routes based on their attribute preferences (e.g., travel time and 

road risk); and  

3. All drivers were able to create a route plan in a probabilistic manner via algorithms 

such as PDFS, EDFT, and BN.   

Thus, the proposed approach was able to model a realistic decision-making behavior.  

 This is the first work to model human interactions under the E-BDI framework to address 

the dynamic learning behavior of drivers.  Although the E-BDI framework has been 

successfully applied to mimic individuals’ perceptions and reasoning behavior, the 

learning process with interactions has not been modeled in the E-BDI framework.  
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However, in reality, drivers’ behavior is likely to be affected by other drivers’ behavior 

(e.g., lane changing and car-following) since they share the same road infrastructure 

while driving.  The proposed modeling approach adopted five major human interaction 

types from social science literature, including accommodation, compromise, 

collaboration, avoidance, and competition, and introduced equations for the five 

interaction types to address drivers’ learning behavior via interactions.   

 This study is the first work to address drivers’ evolving behavior with the dynamic 

structure learning of a BN.  Although several previous studies have represented real 

drivers’ behaviors using a BN, this research proposed the dynamic structure learning 

approach with the following realistic conditions: 1) a driver cannot remember all past 

observations (drivers have limited memory); 2) some road environment variables are not 

observable (drivers have incomplete data); and 3) a driver’s perception and reasoning 

process evolve over time (they are non-stationary).  In order to design a statistically 

robust BN, a sufficient number of observations for the proposed dynamic structure 

learning approach were proposed together with relevant proofs.  Based on real drivers’ 

experimental data, which were obtained using a virtual reality driving simulator, the 

proposed approach was validated.  Considering the previous lack of a method to mimic 

drivers’ evolving behavior in terms of their perceptions and reasoning processes using a 

real data set, this study significantly contributes to designing a realistic driver model. 

 This study is the first work to integrate an ABS concept into an existing mesoscopic 

traffic simulation platform, namely DynusT.  An integrated platform based on a web 

service was developed to add the Java-based E-BDI framework to DynusT.  The devised 

web services provided communication between different platforms and languages (e.g., 
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C/C++, Java) over the World Wide Web.  Thus, DynusT was able to call the E-BDI Java 

module for its individual drivers’ en route planning under a large-scale road network, 

such as Phoenix, Arizona. 

 This study is the first work discussing the scalability issue of the E-BDI framework for en 

route planning behavior modeling under ABS in conjunction with a large-scale network.  

To this end, the E-BDI-based hierarchical en route planning approach is suggested for 

computational efficiency without sacrificing the advantages of the E-BDI framework 

(i.e., the capability of modeling the uncertain decision-making process of drivers).  The 

performance of the proposed approach was investigated using a road network from 

Phoenix, Arizona.  The evaluation results showed that the proposed approach was not 

only useful for theoretically mimicking drivers’ behavior, but also for practically 

implementing it in real traffic situations. 

 

7.3 Future Research Directions 

Major extensions to be made to a cognition-based decision-making model under the 

Extended Belief-Desire-Intention (E-BDI) framework include the following research directions:  

1. Validation of the proposed dynamic learning approach with various drivers’ decision-making 

situations;  

2. Consideration of additional factors in the dilemma-zone model to accurately explain drivers’ 

behavior; 

3. Identification of an appropriate aggregation level in the hierarchical en route planning to 

simultaneously achieve both efficiency and accuracy; and  
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4. Reduction of the computational complexity of the simulation-based DTP approach to deal 

with large-scale problems in the real world.  

First, the proposed dynamic learning approach based on BN dynamic structure learning 

and human interactions under the E-BDI framework, needs to be tested with various drivers’ 

decision-making cases to validate the prediction accuracy of the approach.  In this dissertation, 

en route planning and dilemma-zone scenarios were mainly discussed to understand the impact 

of the dynamic learning approach on drivers’ decision-making behavior.  However, in a real 

world situation, drivers are faced with many different situations, such as lane selection for the 

vehicle’s lane changing, or acceleration (or deceleration) to maintain a safe leading or following 

distance from other vehicles.  Thus, the proposed approach must be validated with those different 

situations to confirm its reliability.  This effort helps to accurately evaluate road network 

performance and design a reliable road network under different levels of congestion.   

Another topic for future work would be a modification to the proposed BN dynamic 

structure learning approach regarding its high computational complexity for finding an 

appropriate BN structure.  Other efficient structure-learning approaches based on metaheuristics 

can be adopted to reduce its computation.   

Second, the proposed E-BDI-based DZ model involving roadway environmental factors 

(e.g., the presence of a pedestrian countdown signal or red light photo enforcement camera, and 

the movement of vehicles passing to the side) can be expanded with additional factors, such as 

pedestrian presence and behavior, to enhance its prediction accuracy of drivers’ decision-making 

behavior at an intersection.  Additional options, such as turning left or right, can also be 

considered for realistic behavior modeling. 
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Third, the proposed E-BDI-based hierarchical en route planning can be improved by 

identifying the optimum aggregation level which helps to simultaneously achieve both efficiency 

and accuracy.  Although the proposed model is able to significantly reduce the computational 

demand of the E-BDI-based en route planning approach, it sacrifices the advantages of the E-

BDI framework (e.g., capability of modeling uncertain decision-making behavior).  To solve this 

problem, the proposed model can adopt a multi-objective optimization approach, such as the 

Pareto-based multi-objective metaheuristic—a widely used approach to resolve trade-off 

problems between two or more conflicting objectives.   

Fourth, the Pareto-based multi-objective metaheuristic can also be applied to the 

proposed DTP policy-generation approach based on ABS.  In fact, the weighted multi-objective 

formulation used in this dissertation has a decision-making bias related to the weights for each 

sub-objective.  Therefore, multi-objective optimization approaches, such as the Pareto-based 

multi-objective metaheuristic, need to be used to resolve such problems.  In addition, the 

metaheuristic can reduce the search space of the optimization process since it considers only 

promising alternative DTP policies.  Thus, the proposed approach is able to efficiently find 

optimum DTP policies for large-scale road networks. By considering aforementioned future 

research directions, the proposed model can effectively mimic driver behaviors, and be used to 

design a practical traffic control policy. 
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