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Abstract 

In this thesis, an integrated traffic control policy for hazardous materials (hazmat) 

transportation is devised based on dual toll pricing (DTP) and network design (ND) policies 

within a two-stage simulation-based optimization framework to enhance public safety in a 

highway. This work which is an extension to (Masoud, Kim, and Son, 2019), 

simultaneously restricts hazmat traffic from freeways in densely populated areas via ND 

and controls both regular and hazmat vehicles in tollways via DTP. Moreover, the mixed 

integer programming is employed to find the optimum integrated policy, and linear-

relaxation technique based on Kaush-Kahn-Tucker (KKT) conditions is adopted to reduce 

the search space of the optimization process. In the proposed framework, all suggested 

policies are evaluated by an agent-based simulation model, which is able to interpret 

complex interrelationship between road conditions and vehicles. In addition, supervised 

learning (i.e., random forest algorithm) has been implemented within the agent-based 

simulation model to predict the risk taking behavior of the drivers considering the drivers' 

race and gender and transportation network characteristics such as levelness and curviness 

of the roads. The proposed framework has been demonstrated with a real traffic data of San 

Antonio, Texas under AnyLogic® platform. The experimental results reveal that the 

proposed framework is able to efficiently find the optimum integrated policy which 

effectively reduces the risk of hazmat transportation in a highway. 



8  

Chapter 1: Introduction 

 

1.1. Hazardous Material Transportation Definition 

 
A hazardous material (hazmat) is defined as “any substance or material could adversely 

affect the safety of the public, handlers or carriers during transportation (Department of 

Transportation (DOT, 2013).” It includes the following types (FMCSA, 2013): 1) 

Explosives, 2) Gases, 3) Flammable Liquid and Combustible Liquid, 4) Flammable Solid, 

5) Oxidizer and Organic Peroxide, 6) Poison (Toxic) and Poison Inhalation Hazard, 7) 

Radioactive, 8) Corrosive, and 9) Miscellaneous. 

 

1.2. Motivation 

 
Due to their fatalities, although not frequent, accidents of hazmat trucks result in huge 

monetary loss, human injuries as well as environmental damages in conjunction with 

explosion, fire, spillage, material entered water/sewer, and vapor dispersion (Kim et al., 

2013). For an instance, in 2002, in San Antonio, Texas, a gasoline truck was involved in 

an accident which led to $380,000 monetary damage and the loss of the driver’s life (DOT, 

2015). Furthermore, in 2014, a total of 17,275 hazmat accidents occurred in U.S. and 

15,193 (i.e., 87.96%) of those accidents took place in highways. These automobile 

accidents resulted in $54,588,942 monetary damage and 7 fatalities (DOT, 2015). 

Nevertheless, since hazmats play irreplaceable roles in the growth of economy and social 

well-being, their potential risks are inevitable. Therefore, mitigating the potential risk of 

hazmat transportation becomes a significant issue. 

 

1.3. The Opportunities and Obstacles of the Existing Approaches 

 
To mitigate the potential risk of hazmat transportation, the department of transportation 
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(DOT) of U.S has enacted the Hazardous Materials Transportation Act (HMTA) and 

applied network design (ND) policy to regulate hazmat traffics since 1975 (Kim et al., 

2013). ND allows governments to block certain road segments permanently or hourly to 

control traffic flows for public safety (Verter and Kara, 2004). Eventually, it separates 

hazmat trucks from other traffic flows (traffic flows of regular vehicles). Although it is a 

powerful policy to mitigate the risks of hazmat transportation effectively, ND reduces the 

usability of a road network and hinders hazmat traffic flows, which could adversary affect 

economic growth and social well-being (Kim et al., 2013). These defects led the 

government agencies to look for better policies. 

 

To overcome the limitation of ND, toll pricing (TP) policy (Marcotte et al., 2009) has been 

devised. ND blocks road segments for controlling the hazmat traffic flows while TP policy 

imposes tolls on roadways. The advantage of TP is to provide travel flexibility to hazmat 

trucks and increase the usability of a road network. In the same context, DTP (Wang et al., 

2011) is also developed to effectively separate hazmat traffic flows from regular traffic 

flows by imposing two different amounts of tolls for hazmat and regular traffic flow. The 

major limitation of both DTP and TP polices is the fact that both of them are limited to 

only tollways. In other words, to demonstrate TP (or DTP), all subject roadways must have 

toll stations (or gates), which may cause additional time delay for toll payment. Regarding 

the installation cost of toll stations, whether virtual or physical, it is unrealistic to make all 

the subject roadways to tollways. In addition, if hazmat carriers are willing to pay high 

amounts of toll, hazmat trucks can exist high populated areas which have huge potential 

fatalities. 
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1.4. Content of This Thesis 

 
To address the problems associated with ND and DTP policies, we decide to provide an 

integrated policy which can embrace the advantages of the mentioned policies. The goal is 

to propose a policy which can use the benefits of both DTP and ND policies to mitigate the 

risk of hazmat transportation in a network consisting of freeways as well as tollways. This 

study is an extension of the recent work of (Masoud et al., 2015) in the integrated DTP with 

ND for hazmat transportation. Unlike the previous work involving large and non-linear 

search space, this study introduces a new integrated policy generation framework in 

conjunction with linear programming relaxation to reduce the search space of the problem. 

The proposed framework is not only simpler than the previous one, but also has a higher 

performance. In addition, to generate a practical policy, agent-based simulation is 

employed in the framework. Agent-based simulation modeling can capture detail 

movements of vehicles in response to individual driver’s reasoning process (e.g., 

accelerating, decelerating, car-following, lane-changing, and route planning). Thus, traffic 

information can be accurately estimated. Regarding that existing optimization approaches 

tend to use either stable or aggregated traffic information based on mathematical equations 

(e.g., travel time estimation via the bureau of public roads function) (Bergendorf et al., 

1997), the aforementioned capability of agent-based simulation modeling is critical to 

generate a more realistic traffic flow and an effective hazmat truck control policy in the 

real world. 

 

1.5. Thesis Overview 

 
In Chapter 1, the background, motivation, and the overall scope of the thesis are covered. 

In Chapter 2, a through literature review is provided which not only covers the history of       
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research on improving the safety of hazardous material transportation, but also reviews the 

methodologies implemented in our proposed framework. Chapter 3 introduces our 

proposed integrated network design and dual toll pricing framework (Masoud, Kim, and 

Son, 2019) and explains the major elements of the framework such as simulation-based 

optimization and supervised learning in detail. Chapter 4 demonstrates the process of 

reducing a nonlinear model (i.e., a bilevel model) to a mixed integer programming by 

utilizing KKT conditions. Chapter 5 justifies utilization of agent-based simulation and 

explains the details of the developed model. The risk modeling process of the agents is 

explained within Chapter 6. This chapter explains how random forest is utilized to predict 

the risk taking behavior of an agent given characteristics such as drivers’ gender and race 

and road network factors such as levelness and curviness of the highways. Chapter 7 

demonstrates the results of implementing our proposed framework and displays the 

potential risk alleviation. Finally, chapter 8 concludes this work and explain the potential 

directions for future work. 
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Chapter 2: Literature Review 

 

2.1. Existing Approaches for Dealing with Hazmat Transportation 

 
Although accidents of hazmat trucks result in huge loss and cause environmental damages, 

acceptance of their existence within transportation networks are inevitable due to their 

irreplaceable roles in the growth of economy and social well-being. Therefore, mitigating 

the potential risk of hazmat transportation trough different policies remains a significant 

issue. 

 

2.1.1. Network Design Policies 

 
One of the most challenging issues of controlling the transportation networks is to provide 

a plan, which not only minimizes the unavoidable environmental impacts of hazmats, but 

also maintains the travelling time of both hazmats and regular vehicles (Chiou, 2017). To 

this end, Erku and Gzara suggested a ND policy based on a bilevel model consisting of 

government and hazmat carriers as actors (Erkut and Gzara, 2008), where the upper model 

minimizes the total risk of the network, while the lower level minimizes the cost of hazmat 

vehicles. As a result, the bilevel model was able to find the best trade-off between risk 

reduction and cost increase, where the risk associated with each link for each shipment was 

defined as a predetermined parameter. But defining the associated risk as a predetermined 

parameter in a dynamically changing network was an unrealistic assumption. 

 

To improve this assumption, Kara and Verter defined a ND model based on the accurate 

risk prediction for a minimally connected network (i.e., which means the equivalent graph 

of the network is a tree) and formulate that as an integer programming problem to 
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minimize the total risk of hazmat transportation (Kara and Verter, 2004). In the next step, 

they extend the network structure by providing a heuristic approach to handle route choice 

for hazmat trucks. Although the heuristic made their model more realistic, it cost them 

sacrificing the accuracy of their risk prediction. In addition, to improve the robustness of 

the provided solutions, the study of worst-case scenarios via bilevel programming was 

implied, where the policies were defined in the upper level of the models (Verter and Kara, 

2008). 

 

Similarly, Gzara proposed a heuristic based cutting plan algorithm to stabilize the optimal 

cost of route plans of hazmats vehicles (Gzara, 2013). Although these attempts improved 

the robustness of the solution provided by ND, the aforementioned limitation of ND 

inspired the researchers to look for toll-based policies. 

 

2.1.2. Toll based Policies 

 
Congestion toll pricing problems are either the first-best, where the toll for each link of the 

network is defined as marginal external costs of each link given a specific objective such 

as minimizing the total toll collected from the network, or the second-best, where not all 

the links of the network can be tollways (Wang et al., 2012). Although the first- best 

policies have better control over the transportation network, they are not realistic due to the 

high implementing costs. (Hearn and Ramana, 1998; Dial, 1999 and Dial, 2000; Hearn and 

Yildirim, 2002; and Yildirim and Hearn, 2005) have proposed different models of first-

best toll imposing. Although second-best policies are weaker in comparison to the first-

best and cannot promise yielding maximum profits, they are more favorable due to their 

easier implementation. (Bard, 2006) modeled this problem as a bilevel optimization 

problem; and (Luo et al., 1996) and (Outrata et al., 1998) modeled it as a mathematical 
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programming with equilibrium constraints. After achieving promising result via toll pricing 

for congestion control, researchers tried to extend this method for controlling the risk of 

hazmats transportation. 

Toll based policies aim to control risk of hazmat transportation via imposing toll prices on 

tollways. (Marcotte et al., 2009) proved that toll pricing policy can be used to mitigate the 

risk of hazmat transportation. Considering the cost of hazmat transportation, (Garrido, 

2008) proposed a new road pricing scheme, which lied on the probability of happening of 

a hazmat accident and its following consequences in urban area. (Assadipour et al., 2016) 

proposed a TS model for rail-truck hazmat shipments via bilevel programming in the same 

content. However, since the mentioned TS policies were defined based on aggregated travel 

cost function such US Bureau of Public Roads (BPR), (Kim et al., 2013) adopted an agent-

based traffic simulation to develop toll-based policies under realistic roadway environment 

involving detail movements of vehicles. DTP was an extension to TS, where instead of 

imposing a single amount of toll price for all vehicles, imposes different amount of toll for 

different vehicle type. (Esfandeh et al., 2016) proposed a bilevel model to mitigate the risk 

of hazmat transportation via dual toll pricing, where the upper level minimized the risk and 

the lower level model the users’ equilibrium. 

Although DTP is stronger in comparison to TP, it is still a second-best policy, which means 

it cannot cover the whole network. To overcome this problem, both ND and DTP policies 

are combined into one integrated framework, where the freeways and tollways are 

controlled via ND and DTP policies, respectively. Here, a bilevel model is introduced to 

capture the behavior of both drivers (i.e., regular and hazmat drivers) and policy makers 

(i.e., government). 

Following, a comprehensive literature review is provided to review the methodologies 
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implemented in our proposed framework. This literature review covers simulation-based 

optimization and machine learning techniques in terms of classification: 

 

2.2. Simulation-based Optimization 

 

Optimization,   as   a   scientific   approach   in   decision‐making,   satisfies   all   associated 

constraints while optimizing the objective of interest (Nguyen, Reiter, and Rigo, 2014). 

The objectives are usually defined as maximization or minimization functions of an 

analytical expression based on a large quantity of variables whereas constraints are the 

mathematical expression representing the limitations and restrictions of resources. On the 

other hand, simulation supports decision-making by evaluating alternative scenarios 

identified by decision‐makers, but it cannot generate the best possible strategies on its own 

(Nguyen, Reiter, and Rigo, 2014). The main advantage of simulation models is their ability 

to measure the performance of alternatives under flexibility and a high degree of realism. 

The utilization of this advantage requires comprehensive knowledge of the topic from the 

decision-makers for ensuring the correct selection of options and scenarios to get the best 

possible outcome. In summary, not only simulation furthers the understanding of certain 

events’ outcome and behaviour of system, but also provides a virtual experience of real-

world operations and empirical data using a variety of realistic conditions. 

Though simulation can promise practical scenarios with minimal assumptions while 

managing the uncertainties to produce a long‐term strategy, it has high computation costs 

due to its intensive processing and as a result, its performance is restricted by hardware 

platforms (Fujimoto, 1990). Whereas, optimization can achieve the optimal solutions by 

less computation through simplifying the problem by implying multiple assumptions. 

Considering these advantages and disadvantages, the ideal approach uses simulation to 
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provide valuable insights and information about the outcomes of certain events and 

optimization to obtain the truly best available results. This hybrid approach has gained 

more importance since last decade due to its flexibility. 

 

The simulation-based modelling can be described as a object-based model instead of 

formulas or graphs, where local rules within the simulation model allow a problem specific 

dispatching and a global iterative operating heuristic/ meta-heuristic represents the actual 

simulation-based optimization approach. Here, the simulation model includes  a control 

vector X consisting of several variables x influencing the behaviour of the simulation 

model (e.g. link viability, buffer, and links’ travelling times). When a simulation iteration 

is completed, the model responds with a scalar objective value C, corresponding to the 

vector X’s values.  

A heuristic optimization algorithm changes or adjusts the control variable after every 

optimization run depending on the objective function gradient in order to check the 

feasibility of the constraints and find the optimality through iterations of simulation model. 

High model accuracy and wide flexibility are two of the major advantages of simulation-

based optimization approach in comparison with pure optimization or simulation 

techniques. 

Considering the characteristics of problems within transportation field, enormous work 

(e.g., Yao, et al., 2018, Song, et al., 2013, Osorio and Bierlair, 2013, and Zhen, et al., 2011) 

have been done utilizing simulation-based optimization. (Yao et al., 2018) has utilized 

simulation-based optimization to address the transportation demand management problem 

to alleviate the increasingly severe urban traffic congestion, where simulation reports 

traffic flows and optimization model is designed to the urban traffic demand management 

strategies. (Song et al., 2013) have proposed a framework to seek an optimal combination 
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of transportation planning and operations strategies (e.g., congestion pricing for private 

cars, bus and rail fares) to minimize generalized costs of multimodal traveling in a heuristic 

way, where simulation-based optimization validates the efficiency of each strategy may be 

influenced by the strengths of other strategies. (Osorio and Bierlair, 2013) have proposed 

a simulation-based optimization method that enables the efficient use of complex stochastic 

urban traffic simulators to address various transportation problems combining a general-

purpose component, which provides a detailed local approximation, with a physical 

component, which provides tractable analytical and global information that leads to a 

computationally efficient simulation-based optimization framework. Finally, (Zhen, et al., 

2011) built a Multi-Agent System model for a road network of four signalized intersections 

and used a Genetic Algorithm to optimize the traffic signal timing with the objective of 

maximizing the number of the vehicles leaving the network in a given period of time. 

 

2.3. Machine Learning 

 

Machine learning, as a data analysis method, is a branch of artificial intelligence that 

automates building of analytical models by learning from data, identifying patterns and 

making decisions with minimal human intervention. Due to enhancement of computing 

technologies, machine learning techniques have been improved to automatically apply 

complex mathematical calculations to bigger data sets. Resurging interest in machine 

learning algorithms (i.e., supervised, unsupervised, and semi-supervised learning) is a 

result of growing volumes and varieties of data, enhanced computational processing, and 

affordable data storage (Hastie et al., 2009). If the learning model can be trained utilizing 

a dataset which is well labelled (i.e., data is tagged with correct answer), the process is 

called supervised learning. In supervised learning, the model is trained with a labelled data 
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set and then the performance of the model is tested with new set of labelled data. In other 

words, the model learns the from the training dataset and applies the knowledge to the test 

dataset. On the other hand, unsupervised learning is the training of model by utilizing 

unlabeled datasets, where the algorithm can act on the information without guidance and 

is restricted to find the hidden structure in unlabeled data by itself. Semi- supervised 

learning refers to the algorithms that use both labelled and unlabeled data for training (Zhu, 

2006). Not only machine learning embodies the principles of data mining but can also make 

automatic correlations and learn from those to update the algorithms. As an example, 

classifiers take as input a collection of cases, each belonging to one of a limited number of 

classes and escribed by its values for a fixed set of attributes and output a model that can 

accurately predict the class to which a new case belongs (Kumar and Verma, 2012). 

Classification is a major class in supervised learning category. Classification includes 

algorithms such as decision trees (Breiman, 2017; Safavian and Landgrebe, 1991), nearest 

neighbour classifier (Bhatia, 2010), Naive Bayes (Rish, 2001), support vector machine 

(Meyer et al., 2003), neural networks (Zhang, 2000), and Instance-based learning (Aha et 

al., 1991). 

Many factors such as the type of data, complexity of classifier, accuracy, real time response 

and classifier' structure impact the performance of classification algorithm. Although there 

are a few generic rules of thumb to choose the best classification algorithm, but those are 

just starting points and each classification algorithm has its own strengths and weaknesses 

in a given scenario. As a result, there are no flowcharts to determine which algorithm fits 

the best without grossly oversimplifying the assumptions. Table 1 demonstrate the 

performance of the mentioned classifiers considering criteria such as targeted value, 

learning type, accuracy, scalability, and speed. 
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Table 1: Comparison of classification algorithms 

 

 
Features 

Decision 

Tree 

Naive 

Bayes 

Nearest 

Neighbor 

Support 

Vector 

Machine 

Neural 

Networks 

Targeted Value Multi-class 
Multi- 

class 
Multi-class Binary Multi-class 

Learning Type 
Eager 

Learner 

Eager 

Learner 

Lazy 

Learner 

Eager 

Learner 

Lazy 

Learner 

Accuracy Good Good High Very High Very High 

Scalability Efficient Semi - - Semi 

Speed Fast Fast Slow Fast Fast 

Transparency Yes No Yes Yes No 

Parameters Moderate Low Low Moderate High 

 

 

Phyu (2009) and Wu et al. (2008) have compared the performance of multiple classification 

algorithm given the criteria such as targeted value, learning type, accuracy, scalability, 

speed transparency, and number of required parameters. Given those criteria, we chose 

decision trees as the classification algorithm. Decision trees, as a major class of classifiers, 

usually classify instances by sorting them as a tree based on feature utilizing the divide-

and-conquer algorithm (Dwyer, 1987) and then prune the tree to avoid overfitting. 

Transparency, scalability, comprehensive nature, flexibility, resilience and ease of use are 

the main advantages of decision trees. 
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Chapter 3: Methodology 

 

3.1. Integrated Network Design and Differentiated Toll Pricing 

 
In this section, the mathematical model to find the best integrated ND-DTP policy will be 

addressed. First, a whole road network is represented as a graph G(N, A), where N and A 

represent a set of junctions and a set of highways (both tollways and freeways) in the 

network, respectively. A2 is a subset of A which includes tollways. 

The proposed model is a three-level model where the inner model implements the concept 

of ND policy. It intends to block as many freeways as possible on hazmat traffic flows by 

defining exactly one route for each O-D pair. The ideal solution of ND is to fully control 

the hazmat traffic flow (i.e., assign each hazmat truck to a certain route), which minimizes 

the risk of hazmat transportation. However, in reality, government agencies are not allowed 

to interfere with hazmat carriers’ authority involving routing strategies to some extent 

(Bergendorff et al., 1997). Thus, the best solution is to restrict the hazmat traffic flows from 

traveling on some specific road segments in a road network according to an appropriate 

ND model. After defining the available network structure for the hazmat traffic flow, the 

DTP policy (i.e., the middle model) intends to separate hazmat traffic flows from regular 

traffic flows on unblocked highways by imposing toll prices on tollways. 

These two inner stages are restricted to outer stage model which defines the behavior of 

traffic flow under Wardrop’s principles (Altman and Wynter, 2004), which defines the user 

and system equilibrium all together. The Wardrop’s principles were modeled by (Verter 

and Kara, 2008) as Equations (1) through (5). 

Equation (1) is designed to minimize the total cost of the network. U and V are the 

aggregate traffic flow matrixes for hazmat and regular vehicle, respectively. s is the average 
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travel   time matrix   and    and     are regular and hazmat toll price matrixes, respectively. 

Equations (2) and (3) represent the user equilibrium for regular and hazmat traffic flow, 

respectively. These two equations ensure that the links that have the lowest cost when 

comparing with all the feasible traffic flows (t and r) are chosen. Equations (4) and (5) 

define feasible sets (U and V) of the aggregate traffic flow for each O-D pair of hazmat 

and regular vehicles  ) and ensure that they have met their own demands 

which are shown by 𝑑𝑞and 𝑏𝑘. 

  uvvusT  min          (1) 
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Given the equilibrium traffic flow, ND model (Equations (10) to (14)) minimizes the risk 

of hazmat transportation regarding available routes of all O-D pairs. Furthermore, it 

guarantees that each O-D pair has exactly one available route so that all hazmat trucks can 

reach their destination. As mentioned, the main goal of ND is to block the link on hazmat 

trucks on crowded areas. 

To achieve so, we used the Equation 10 to model the risk on each link based on the adjacent 

population. Equation (10) shows the objective function as a risk function called the 

duration-population-frequency function (Cekyay and Verter, 2010) which minimizes the 

risk of the network regarding the risk of each link for each O-D pair. 

Although there is no universal definition for the term risk, it can be defined based on the 
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probability of occurrence of an accident and their consequences (Garrido, 2008). Here, risk 

is defined based on the possible consequences of hazmat accidents and the factors that may 

contribute the chance of accidents. This risk depends on the residential population around 

link ij who are in the emergency evacuation distance for each hazmat 

O-D pair on (i.e.,  ) and will suffer the consequences of accident, the number of each 

hazmat O-D pair that are using the link ij (i.e., 𝑢𝑖𝑗
𝑞

), and the time interval that hazmat O- 

D pairs are spending in that link (i.e., 𝑆𝑖𝑗 ). The last two elements are contributors 

whichinfluence the chance of such accidents happening. The Impact of regular traffic flows 

are considered in the traffic volume of each link which affects the average travel time. 

Equations (11) through (13) find an available path for each O-D pair. Equations (11) and 

(12) ensure that, for each O-D pair, there exists a link that is connected to the origin (i.e., 

Oq) and destination (i.e., Dq), respectively. In the aforementioned equations, the forward 

set FS is the set that includes all the links ij that exits at node i, and the reversed set RS is 

the set that contains all the links ji that enters at node i. Equation (13) ensures that the origin 

and destination nodes are connected together (i.e., a route exists). Equation (14) certifies 

that all tollways remain unblocked. 

The DTP model (Equations (6) to (14)) defines different tolls for hazmat and regular 

vehicles for tollways to separate the hazmat and regular traffic flows (i.e.,   and  , 

respectively). Equation (6) is the objective function that intends to maximize the difference 

between the hazmat toll price (i.e., ) and regular toll price (i.e.,   ) based on the 

hazmat and regular traffic of each link. This policy will encourage the hazmat drivers to 

use the tollways and discourage regular vehicles from using tollways; however, Equation 

(7) guaranties that the income of each tollway does not decrease. Equation (8) normalizes 

the toll price for regular vehicles based on the given travel time of each tollway by using 
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the preset   parameter . Equation (9) generalize the availability of the highways in the   

system by using binary decision   variable  for all hazmat O-D pairs. Equation (15) to 

(17) define the physical restriction of the decision variables. 

 

3.2. Hierarchical Framework of ND and DTP Policies 

 
The goal of this paper is to introduce an integrated DTP with ND policy to mitigate the 

risks of hazmat trucks in a road network made of both freeways and tollways. To be more 

specific, while DTP policy controls traffic flows on the tollways, ND policy regulates 

traffic flows of hazmat trucks on freeways with respect the existence of tollways. 

The proposed framework is devised with three underlying assumptions: 1) all of the drivers 

have access to road network’s data (i.e., toll price and average travel time); 2) the model 

only considered one type of hazmat vehicles for the demonstration purpose (However, the 

model is expandable enough to include aforementioned nine different types of hazmat 

vehicles); and 3) road network characteristics such as topology, speed limits, and capacities 

of highways are considered in the model.  
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Figure 1: Overall framework of the integrated policy 

 
To find such an integrated policy efficiently, a three-stage hierarchal simulation-based 

optimization framework is devised (see Figure 1). Especially, the major advantage of the 

proposed framework is that it enables to accurately estimate travel time and potential risk 

of hazmat trucks regarding individual driver’s detail behaviors (i.e., lane-changing, car- 

following, and route planning) via agent-based simulation modeling. The structure of the 

framework is made of tree main blocks: 1) Optimizer with an integrated mathematical 

model, 2) Simulator with agent-based simulation, and 3) Supervisor. In the proposed 

framework, the Optimizer block finds an integration of ND with DTP policy that has the 

risk of hazmat transportation without sacrificing performance of a road network (i.e., travel 

time). 

During the optimization, traffic information (e.g., travel time and traffic flow of each link) 

given by agent-based simulation is used. The Simulator block evaluates the policy given 

by Optimizer based on responses of driver agents under given road conditions (e.g., 

topology of a road network) and traffic demands. This block runs the agent-based 

simulation model until it finds the system’s equilibrium as well as users’ equilibrium of the 

road network and then provides average travel time and risk of hazmat trucks of the road 

network in the equilibrium. 

The Supervisor block manages this optimization process until the framework finds the best 

integrated DTP with ND policy. To this end, Supervisor updates a solution set with a 

possible solution and its evaluation results given by the Simulator block over iterations of 

the optimization. The Best solution selection chooses the best solution by comparing all 

the stored solutions in the solution set. If a new best solution is close enough to the previous 

best solution, Optimizer block stops the optimization and prints the best solution. 
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Figure 2: Sequence diagram of the framework 

 
Figure 2 demonstrates the sequence of the steps between four actors (i.e., user, supervisor, 

simulator, and optimizer) to find the integrated policy. Initially, the proposed framework 

requires the information of a road network (e.g., network topology, traffic demands, and 

origin-destination (O-D) pairs) to generate an integrated policy. Supervisor achieves traffic 

information by running simulation with the given network information. 

Traffic information represents evaluations results of a given policy since it determined by 

responses of driver agents (i.e., hazmat and regular drivers) which have their own route 

plans under dynamic road conditions. Optimizer finds the best integrated DTP and ND 

policy considering traffic information given by simulator over multiple iterations. This 

loop will be ended when there is no performance enhancement of a solution over iterations. 

In other words, the selected policy enables to successfully separate hazmat traffic flow 

from regular traffic flow so that risk of hazmat transportation can be mitigated. Although 

this simulation-based optimization framework increases the computational demands of the 
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optimization procedure, a practical and effective policy in the real world can be designed 

regarding realistic behaviors of drivers. 

 

3.2.1. Optimizer with an Integrated Mathematical Model 

 
In this section, mathematical models used in Optimizer to find the best integrated DTP with 

ND policy will be addressed. Before we are going further, let’s consider the whole road 

network as a graph G(N,A), where N and A represent a set of junctions and a set of highways 

(i.e., both tollways and freeways) of the network, respectively. The set of highways A is 

divided to two disjoint and exhaustive sub sets as A1 (i.e., a set of freeways) and A2 (i.e., a 

set of tollways). The set B includes tollways and the result of ND model (i.e., unblocked 

freeways for hazmat transportation). Table 2 introduces the variables and parameters used 

in the mathematical formulation. 

 
Table 2: Nomenclature of variables 

 

Variable/ parameter Definition 

dq Demand vector of hazmat vehicle of pair q 

bk Demand vector of regular vehicle of pair k 

V Aggregate flow vector of regular vehicles 

U Aggregate flow vector of hazmat vehicles 

T Possible aggregate flow vector of regular vehicles 

R Possible aggregate flow vector of hazmat vehicles 

Q Set of O-D pairs of Hazmat vehicles 

K Set of O-D pairs of regular vehicles 

S Average travel time vector 

Β Toll vector for hazmat vehicles 

Α Toll vector for regular vehicles 
 

 
Existence of link ij for O-D pair q 
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pij The population density of link ij 

vij flow vector of regular vehicles of link ij 

uij flow vector of hazmat vehicles of link ij 
 

 
Arc flow of hazmat vehicle of pair q in link ij 

 

 
Existence of unblockable link ij for O-D pair q 

αij Toll price of link ij for regular vehicles 

βij Toll price of link ij for hazmat vehicles 

Q Set of O-D pairs of Hazmat vehicles 

sij Average travel time of link ij 

M A big number 

Oq Set of origin for O-D pair q 

Dq Set of distention for O-D pair q 
 

 Current toll for regular vehicles 
 

 Current toll for hazmat vehicles 
 

 Current traffic flow of tollways hazmat vehicles 
 

 Current traffic flow of tollways regular vehicles 

 

 

 

In addition, this study models the behavior of traffic flow under Wardrop’s principles 

(Wardrop, 1952), which defines the user and system equilibrium all together with respect 

to the availability of highways for hazmat transportation (Bergendorf et al., 1997). The 

Wardrop’s principles include two general principles to justify the behavior of the 

transportation systems. The first principle (i.e., user equilibrium) explains that in 

transportation systems, each user tries to follow the route plan that can minimize her/ his 

travel costs (e.g., travel time and toll price). The second principle (i.e., system equilibrium) 

expresses that system equilibrium is achieved when all users find their own equilibrium 

(Bergendorf et al., 1997). Based on this principles, the users’ and system’s equilibrium are 

converged together. The Wardrop’s principles were modeled by (Wang et al., 2011) as 
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Equations (18) to (22). The outer stage model is introduced as following. 

 

  (18) 

 

Subject to: 

 

  (19) 

 

  (20) 

 

                             (21) 

 

                             (22) 

  (23) 

 

  (24) 

 

Equations (19) and (20) represent the user equilibrium for regular and hazmat traffic flow, 

respectively. These two equations make sure that the links which have the lowest cost 

comparing all the feasible traffic flows are chosen. Equations (21) and (22) ensure that the 

aggregate traffic flow for each O-D pair of hazmat and regular vehicles (i.e.,               

) has met its own demand (i.e., the feasibility of traffic flows). To solve this stage, the 

structure of matrix B is defined by the ND model. Toll vectors  and  are defined in the 

DTP model. And, the average travel time vector and both hazmat and regular traffic flows 

are achieved by agent-based simulation. The detail method to solve the whole three stage 

model explained in section 4 and 5. The following sections will introduce mathematical 

models of ND and DTP policies used in the proposed framework. 

 

3.2.1.1. Network Design Policy 

 
ND policy tries to block as much as possible freeways on hazmat traffic flow with respect to 

availability of a route for each O-D pair. The ideal solution of ND is able to fully control the 
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hazmat traffic flow (i.e., assign each hazmat truck to a certain route) so that minimize risk of 

hazmat transportation. However, in reality, it is not allowed that government agencies interfere 

in hazmat carriers’ authority involving routing strategies (Wang et al., 2011). Thus, the best 

way is to restrict the hazmat traffic flows from some specific road segments in a road network 

via the following ND model: 
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The proposed ND model (i.e., Equations (25) to (32)) minimizes the risk of hazmat 

transportation regarding available routes of all O-D pairs. To be more specific, it is 

guarantee that each O-D pair has at least one available route so that all hazmat trucks can 

reach their destination. Equation (25) shows the objective function involving a risk function 

called duration-population-frequency function (Cekyay and Verter, 2010). This equation 

minimizes the risk of the network regarding the risk of each link depends on the number of 

hazmat trucks, the average travel time, and the exposed population. Regular traffic flows 
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have a great impact on the risk of hazmat accidents, and their effects are considered in the 

average travel time of each link. Equations (26) to (28) find an available path for each O-

D pair. Equations (26) and (27) make sure that for each O-D pair, there exists a link which 

is connected to the origin and destination, respectively. In the mentioned equations, 

forward set (FS), is the set that includes all the links ij that exits node i, and reversed set 

(RS) is the set that contains all the links ji that enters node i. Equation (28) ensures that the 

origin and destination nodes are connected together (i.e., a route exists). Equation (29) 

certifies all tollways stay unblocked. Equation (30) demonstrates the binary nature of the 

decision variable  (i.e., availability of links). 

3.2.1.2. Dual Toll Pricing Policy 

 
Under the road network structure given by ND model in Section 3.2.1.1, DTP policy tries 

to separate hazmat traffic flows from regular traffic flows on unblocked highways (e.g., 

tollways) by imposing toll prices on tollways.  
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This model defines different amounts of toll for hazmat and regular vehicles in tollways to 

separate the hazmat and regular traffic flows. Equation (33) is the objective function which tries 

to maximize the difference between hazmat and regular toll price. This equation will increase 

the regular vehicles toll price while decreasing the toll price for hazmat vehicles. This policy 

will encourage the hazmat drivers to use the tollways and discourage regular vehicles to use 

tollways while, Equation (34) guaranties that the income of each tollway is not decreased. 

Equation (35) normalize the toll price for regular vehicles based on the given travel time of 

each tollway by using h which is a predefined parameter to connect the toll price and the link 

travel time. Equation (36) summarizes the availability of the highways in the system. Equation 

(37) ensures of the positivity of the regular and hazmat toll price in the model. The traffic flow 

of both hazmat and regular traffic  and , respectively) and the average travel time 

(i.e., ) are obtained by agent-based simulation and depends on the results of the mentioned 

ND model. 
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Chapter 4: Reducing the Bi-Level Model 

 
As mentioned in Section 3, the proposed integrated DTP with ND policy generation 

framework uses agent-based simulation to evaluate each alternative policy regarding 

realistic behaviors of drivers. Although the framework is able to create practical and 

reliable policies to mitigate the risk of hazmat transportation, it requires huge amount of 

computations to evaluate each alternative policy with multiple runs of the agent-based 

simulation model. 

 

To solve such an issue, in this study, the addressed integrated DTP with ND policy is 

simplified into bi-level programming (BLP) involving inner and outer models. The inner 

model represents the integrated policy which defines the network structure for hazmat 

vehicles, and toll price for both hazmat and regular vehicles on tollways. The outer model 

finds the user equilibrium of the system by agent-based simulation. For the simplification 

of the proposed framework (i.e., Equations (8) to (15)), linear programming relaxation 

based on Kaush-Kahn-Tucker (KKT) conditions has been adopted (Chen and Florian 

1995). 

 

First step for simplifying the model is to linearize the ND model (i.e., Eqs. (8) to (15)) in 

order to use KKT condition to combine the two inner stages of the model. This challenge 

is addressed by using the uni-modularity nature of the constraint matrix which ensures that 

the solution will be integer. Moreover, the right hand side of the constraint are  always -1, 

1 , or 0 which limits  as an positive integer to 0, 1. In addition, due to the minimization 

nature of the ND model, it is not necessary to have constraints such as 𝑥𝑖𝑗
𝑞

≤ 1, because the 

decision variables will be always pushed down to 1 at optimality
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(Allende et al., 2013) (Conforti and RAO, 1987). As a result, Equation (15) can be changed 

to  and the ND model is simplified to a continuous linear model. 

Now KKT conditions can integrate the proposed ND and DTP models into one model by 

considering the ND model as a set of constraints for the DTP model (Allende et al., 2013) 

(Anandalingam, 1998). The model after implementing KKT condition will change as 

follows: 
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Although the integrated model has a nonlinear behavior (i.e., Equations (43) and (44)) for 

 

now; but it can be linearized by returning the binary nature of variable  and defining a 

big number M. The final integrated policy is formulated as following. 
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 (56) 

(57) 

(58) 

& (59) 

& (60) 

& (61) 
 

 

 

Equations (57) and (58) show the linearization result of (43) and (44).  and are 

the dual variables of each origin and destination node for all the hazmat O-D pairs, 

respectively. Decision variables   and   are dual variables for constraints   

and 𝑥𝑖𝑗
𝑞

≥ 0 . 
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Chapter 5: Simulator and Agent-Based Simulation 

 
Simulation modelling is an important tool for approximating the behavior in the real 

system. Simulation techniques can be categorized into different classes such as discrete 

event simulation, system dynamics, agent-based simulation, and dynamic systems. Each of 

these techniques has its own merits and failures and when choosing which one to use it’s 

important that the modeler picks the method which best reflects the system. Figure 3 

summarize the mapping between different classes of simulation modeling and well- known 

problems, considering the required level of abstraction. 

 

Figure 3: Scoping famous problems into simulation modeling classes 

 
 

As shown in Figure 3, transportation problems can be mapped to the agent-based 

simulation class. Generally, agent-based simulation is considered well suited for 

transportation problems because it can define individual-based models, where not only 

each agent can have independent reasoning and decision-making power, but also the model 

can study the impacts of agent’s decisions on each other as well (Masoud et al., 2016). 

 

Figure 4 displays our developed agent-based simulation model, which on an abstract level 

combines two transportation components (i.e., travel activities and network loading) into 

an integrated microsimulation platform. The role of agent-based simulation is to evaluate 
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the ND-DTP policy regarding drivers’ realistic behaviors (e.g., lane-changing, car-

following, and route planning). 

 

Figure 4: Snapshot of the agent-based simulation model 

 
 

The agent-based simulation model shown in Figure 4, consist of 2 type of agents: 1) regular 

drivers, 2) hazmat drivers. The proposed framework especially considers individuals’ route 

planning behaviors. Each driver agent updates his knowledge about the road environment 

(e.g., travel time of each link) while driving and generates a route plan via Dijkstra’s 

algorithm (Dijkstra, 1956) before his next travel. Dijkstra’s algorithm finds the shortest 

route plan based on the perceived travel cost of each link. Regular and hazmat drivers 

generate route plans by using Equations (62) and (63), respectively, to estimate the travel 

cost of each link: 

 

   )()()( 21 tvtuswtwC ijijijij     (62) 

   )()()( 21 tvtuswtwC ijijijij     (63) 
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w1 and w2 are the weights of the toll price and travel time, respectively. Those two weight 

parameters are used to normalize the cost of each link. Thus, if the perceived toll price and 

traffic flows of hazmat and regular vehicles are different, the algorithm tends to generate 

different route plans. Although this study adopts Dijkstra’s algorithm for route planning of 

an individual driver agent, other route planning algorithms such as A* (Hart, Nilsson and 

Raphael, 1968) and bidirectional search (Dantzig, 1998) can be used. 

 

In addition to driver’s route planning behavior, 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 proposed by (Yeo and Skabardonis, 2007), nth vehicle’s position after Δt 

simulation time step is determined by its performance and previous (n-1)th vehicle’s 

performance as displayed in Equation (64). 

  (64) 

 
In   Equation (64), the lower bound of position   is regulated by the vehicle’s current 

position and maximum deceleration capability shown in Equation (65). 

                               (65) 

 
where       is the nth   vehicle’s speed at time t and   is the nth vehicle’s maximum 

deceleration rate. 

 

Similarly, the upper  bound of the  position    is determined by four following rules: 
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Newell’s car-following rule [see Equation (66)], maximum acceleration capability [see 

Equation (67)], free flow speed [see Equation (68)], and maximum safety driving distance 

[see Equation (69)]. 

 

 

 

                      𝑓𝑛(𝑡) + 𝑧𝑛
𝑓

(∆𝑡) 

 

(66) 

(67) 

(68) 

(69) 

 

Where 𝑙𝑛−1 is the length of (n-1)th vehicle, 𝑔𝑛
𝑗𝑎𝑚

 ja, gap between (n-1)t and nth vehicle, 𝑎𝑛
𝑢 

maximum acceleration rate of nth vehicle, 𝑧𝑛
𝑓
is the free flow speed of the nth vehicle, and 

∆𝑓𝑛
𝑠 is the safety driving distance derived from Gipps (Gipps, 1981). 

In addition, due to limited capabilities of the road traffic library in AnyLogic®, this study 

only considers the mandatory lane-changing (MLC) which 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) 

which is optional and allows a vehicle to increase speed or improve position (Yeo and 

Skabardonis, 2007), can be implemented in future for more realistic behavior modeling. 

Equation (70) and Equation (71) 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. 

 

 A lead gap acceptance condition 
 

        (70) 

 A lag gap acceptance condition 
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(71) 
 

 

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 

}. 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 any of the following two 

conditions are not satisfied, the nth vehicle is not allowed to change its lane. As a result, 

since agent-based simulation is able to consider such detail movements of vehicles 

involving individualized route plan, it provides realistic estimates of travel time and 

potential risk of hazmat trucks. 
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Chapter 6: Supervised learning and Drivers’ Risk Behavior 

 
A number of studies have investigated the connection between aggressive/ safe driving 

style and the driving speed (Hong, Margins, and Dey, 2014). (Kaysi and Abbny, 2006) 

have proved that average speed on the major road can determine aggressive behavior. 

Although drivers’ speed-profile, as a useful tool for evaluation of road safety in the design 

process as well as the evaluations of existing roads, has been widely studied, only marginal 

attention to the drivers’ speed behavior at intersections has been dedicated (Montella et al., 

2010) and most agent-based simulation models implement the speed limit as the maximum 

speed that the drivers follow. 

(Hassan and Sarhan, 2011) have document existing operating speed models developed in 

different regions of the world. In their study they have categorized the prediction models 

based on road types and have identified the limitations of the existing operating speed 

models. Based on their work, the major deficiency originates from unrealistic assumptions 

and the utilization of aggregated data (e.g., average annual traffic) for defining the models. 

To address such problems, a classification framework is developed to predict the 

occurrence of an accident for each agent within the simulation model, considering the 

gender (i.e., male and female) and race (i.e., while, African American, and Indian 

American) of the driver, and the levelness (i.e., Grade, Hillcrest, and Level) and  curviness 

(i.e., curve and straight) of the road structure. If an accident is predicted, the maximum 

speed of the agent will be increased by 5%. 

The framework consists of a pre-processing step where the raw data is cleaned, balanced, 

and any missing values are deleted due to the categorical nature of the features, large size 

of the dataset, and the low numbers of the nulls. Afterwards, the dataset is divided to the 

training set and testing set. Finally, a random forest model is trained over the training 
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dataset, and its accuracy is tested utilizing the testing dataset. The developed model is 

implemented within the simulation model, and the agents’ maximum speed will be defined 

based on the results of the classification model. 
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Chapter 7: Experiment 

 
The proposed framework has been implemented with real traffic data of San Antonio, 

Texas under AnyLogic® agent-based simulation software platform. According to DOT 

(2015), Texas recorded the highest number of hazmat accidents in highways in 2014 (i.e., 

1,561 hazmat accidents in highways). In addition, San Antonio has a complex highway 

network involving both freeways and tollways since 2003 so that it is appropriate area to 

apply the proposed framework to mitigate risk of hazmat transportation. Figure 5 and Table 

3 show the gathered data about the modeled road network (i.e., part of Bexar in San 

Antonio). 

 

Figure 5: Highway topology of San Antonio, Texas in 2012 

 
The subject road network has 16 links and 9 nodes. The 12 green links and the remaining 

4 blue links represent freeways and tollways (i.e., route 0-5-6-4-2), respectively. To make 

the model more realistic, 8 different O-D pairs are addressed in the Figure 5 (i.e., 4 hazmat 

O-D pairs in color pink and 4 regular O-D pairs in color brown). Regarding these 
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O-D pairs, there are 22 possible routes including 13 routes for O-D pair (0, 2), 3 routes for 

O-D pair (8, 6), 5 routes for O-D pair (8, 4), and 1 route for O-D pair (0, 8). The proposed 

framework is tested by one of the worst-case scenarios where for each hazmat O-D pair, 

there is a regular O-D pair defined which has the same origin and destination as his coupled 

hazmat O-D pair. 

Moreover, Table 3 displays the subject road network’s information associated with 

potential risk of hazmat transportation such as free flow travel time, traffic flow of hazmat 

and regular vehicles, length, and exposed population for each link. Based on the Table 3, 

the total length of links in this road network is 88.79 miles (i.e., 69.66 miles of freeways 

and 19.13 miles of tollways). Hazmat traffic flow is 163,081 cars per day out of total traffic 

flow which is 2,029,643 cars per day [8.03% of total traffic flow (DOT 2015)]. 

 

Table 3: Highway topology of San Antonio in Texas in 2012 
 

 Link   

Distance 

(mile) 

Free flow 

travel time 

(hour) 

Traffic 

flow 

(veh./day) 

Hazmat 

traffic flow 

(veh./day) 

 

Exposed 

population ID 
Node 

(i) 

Node 

(j) 

1 0 1 11.24 0.173 45,987 4,139 32,197 

2 0 5 8.74 0.134 127,894 20,463 26,456 

3 0 8 6.19 0.095 57,965 4,058 19,381 

4 1 2 7.25 0.112 75,774 10,608 9,429 

5 1 3 5.84 0.090 123,575 3,707 29,632 

6 3 2 5.99 0.092 76,411 5,349 20,342 

7 3 4 2.83 0.044 135,457 4,064 8,247 

8 4 2 6.03 0.093 176,178 19,380 21,955 

9 5 3 1.45 0.022 139,102 19,474 7,593 

10 5 6 2.94 0.045 198,612 23,833 13,226 
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11 6 4 1.42 0.022 219,267 24,119 5,380 

12 7 5 4.8 0.074 156,242 4,687 23,059 

13 8 7 3.66 0.056 86,288 2,589 11,825 

14 8 9 2.59 0.040 121,000 3,630 8,368 

15 9 6 13.56 0.209 220,649 8,826 56,586 

16 9 7 4.26 0.066 69,242 4,155 13,764 

 
Total 

 
88.79 1.366 2,029,643 163,081 307,440 

*Bold font in the link column represents a tollway.   

 
 

7. 1. Simulation Setup 

 

The experiments have been conducted in a dual core desktop processor: Intel Core2 Duo 

P8400 with 2.26GHz. The arrival rate of vehicles was 3000 vehicles per hour in the model, 

and 8.03% of the vehicles were hazmat vehicles (i.e., arrival rate is 240 vehicle per hour). 

For each O-D pair, vehicles enter the model from the origin node and exited the model in 

the destination node. The simulation was executed 20 times for each parameter set (i.e., the 

number of simulation replications was set as 20). Table 4 shows the parameters used in the 

agent-based simulation model. 

 
Table 4: Parameter values in agent-based simulation 

 

 
Parameter 

 
Value 

 
Parameter 

 
Value 

Arrival rate of all vehicles 

(veh./hour) 
3000 Length of vehicle (m) 5 

Arrival rate of hazmat vehicles 

(veh./hour) 
240 

Safety distance between 

vehicles (m) 
100 

Number of iterations 10 
Maximum acceleration rate 

(m/s2) 
1.48 

Time horizon of simulation (hours) 24 
Maximum deceleration rate 

(m/s2) 
-3.72 

Lead gap and lag gap for lane- 
 changing (m) 500 Speed limit (km/hour) SL 
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7.1.1 Validation of Agent-based Simulation Model 

 
To understand whether the agent-based simulation model mimics road environment of the 

real world, two different traffic flow distributions given by the agent-based simulation 

model and San Antonio’s road network data shown in Table 5 were compared (see Table 

4). 

 
Table 5: Validation of agent-based simulation model 

 

 
Link ID 

Real Traffic Flow 

Distribution 

Simulation Traffic Flow 

Distribution 

 
Error 

1 0.01 0.15 0.13 

2 0.02 0.00 0.02 

3 0.02 0.11 0.09 

4 0.03 0.06 0.03 

5 0.03 0.04 0.01 

6 0.04 0.05 0.02 

7 0.05 0.05 0.00 

8 0.07 0.01 0.06 

9 0.05 0.01 0.04 

10 0.08 0.11 0.03 

11 0.08 0.06 0.03 

12 0.06 0.05 0.01 

13 0.30 0.04 0.26 

14 0.05 0.04 0.01 

15 0.08 0.00 0.08 

16 0.03 0.22 0.19 

Average - - 0.06 

 

In Table 5, the differences (errors) between real traffic flows and simulated traffic flows 

are less than 0.27. The last column in the table shows the average error which may exist in 

our simulation model. The average error in total network is 0.06. Based on the data in Table 

5, the Kolmogorov–Smirnov test (K–S test or KS test) at 0.05 level of significance was 

executed, and the test  value was 1.04 (= ) which is less than threshold 1.35. Therefore, 

we can assume that the simulated traffic flows are able to represent real traffic flows in San 

Antonio, Texas. 
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7.1.2. Maximum Speed 

 
The dataset utilized in this section is the 2015 United states’ accident dataset which has 

been reported by the National highway Traffic Safety Administration (NHTSA, 2015). 

After preprocessing the raw data, the dataset reduced to 6,524 data points. The dataset 

features are gender (i.e., male and female), race (i.e., while, African American, and Indian 

American), levelness (i.e., grade, hillcrest, and level) and curviness (i.e., curve and straight) 

of the road structure. Figure 6 demonstrates the distributions of these features within the 

dataset. 

 

Figure 6: Distributions of the features within the speed modeling dataset 

 
 

As displayed in Figure 6, the majority of the drivers are White males and the majority of 

road networks are the straight, level roads. Utilizing 80% of this dataset, we have trained a 

random forest model consisting of 5,000 trees. The developed model has shown an 
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accuracy of 83.37% in predicting the remaining 20% of the dataset (i.e., testing dataset). 

Figure 6, part a displays a possible realization of one of 5,000 trees, while part b 

demonstrates the implemented prediction algorithm within the simulation model. 

 

Figure 7: a. A sample decision tree b. The realized random forest model 

 
 

To rank the importance of the features considered within the developed classification 

algorithm, the mean decrease in accuracy and mean decrease in Gini coefficients are 

calculated. Figure 8 displays the ranking of gender, race, levelness and curviness based on 

the mentioned coefficients. 

 

Figure 8: Mean decrease accuracy and mean decrease Gini 

 
 

The mean decrease in accuracy is determined during the out of bag error calculation phase. 

The more the accuracy of the random forest decreases due to the exclusion of a single 

variable, the more important that variable is deemed, and therefore variables with a 
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large mean decrease in accuracy are more important for classification of the data. The mean 

decrease in Gini coefficient is a measure of how each feature contributes to the 

homogeneity of the nodes and leaves in the resulting random forest. Each time a particular 

feature is used to split a node, the Gini coefficient for the child nodes are calculated and 

compared to that of the original node. Features with higher purity have a higher decrease 

in Gini coefficient. Based on the results shown in Figure 8, Curviness of the roads has the 

highest impact on predictions while the gender of the drivers has the lowest impact. 

To evaluate the performance of the utilized classification algorithm, we have defined the 

receiver operating characteristic (ROC) curve. ROC curves plot sensitivity (i.e., the ratio 

of true positives to  the  total  number  of  positive  cases  in  the  data) on  the  Y-axis  and 

specificity (i.e., the ratio of true negatives to the total number of negatives) on the X- axis. 

The ROC curve shows the probability of making either false positive or false negative as a 

curved trade-off. 

 

Figure 9: ROC curve of the developed random forest model 
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It is known that any model that predicts at chance will have a ROC curve that looks like 

the diagonal gray line and the further the curve is from the diagonal line, the better the 

model is at discriminating between positives and negatives. Figure 9 justifies the 

performance of the utilized classification algorithm in predicting the good and bad drivers’ 

behaviors given the available features associated with the driver and the road network. 
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Chapter 8: Results 

 
As aforementioned, San Antonio has been trying to come up with an appropriate integrated 

policy to manage both road network’s performance and potential risk of hazmat trucks. To 

demonstrate the strength of the new policy, two different experiments were conducted and 

their results are compared in this section. The first experiment simulated the real road 

network situation in San Antonio without considering our proposed policy policy. The next 

experiment was conducted on the same network under the proposed framework. In this 

case, all the elements affecting the experiment are fixed and the only differences between 

the results are due to the existence of the proposed DTP with ND policies. The results are 

shown in Table 6 and Table 7, respectively. 

 
Table 6: Results of the first experiments without considering the proposed framework 

 

  Link  
Travel 

time 

(hour) 

   Traffic distribution  Toll  

 

ID 

Availability 

for hazmat 

traffic 

Road risk 
 

Hazmat 
 

Regular 
 

Hazmat 
 

Regular 

1 Yes 0.09 326,154 0.145 0.149 - - 

2 Yes 0.14 3,169 0.001 0.000 - - 

3 Yes 0.20 363,541 0.149 0.106 - - 

4 Yes 0.15 103,244 0.080 0.058 - - 

5 Yes 0.10 228,798 0.054 0.037 - - 

6 Yes 0.10 197,210 0.073 0.050 - - 

7 Yes 0.12 148,842 0.044 0.052 - - 

8 Yes 0.04 175,983 0.078 0.004 - - 

9 Yes 0.04 543,722 0.068 0.005 - - 

10 Yes 0.04 3,770,147 0.111 0.108 - - 

11 Yes 0.03 111,716 0.026 0.058 - - 

12 Yes 0.09 441,034 0.098 0.044 - - 

13 Yes 0.09 288,618 0.073 0.033 - - 

14 Yes 0.06 0 0.000 0.040 - - 

15 Yes 0.06 0 0.000 0.000 - - 

16 Yes 0.20 0 0.000 0.256 - - 
 Total 1.63 6,702,178.0 1.000 1.000 - - 

*Bold font in the link column represents a tollway.    
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Table 6 shows the results of the simulated traffic flows of regular and hazmat vehicles in 

San Antonio, Texas without considering the proposed framework. The first column of this 

table shows the ID of each link which will connect the result of the simulation to the 

information of each link mentioned in Table 3. As mentioned, there is no specific policy, 

therefore all the links are available for both hazmat and regular vehicles and also no toll 

price is defined in tollways. The third and fourth column indicates the average travel time 

and the potential risk for each link, respectively. This potential risk is measured in agent- 

based simulation based on the duration-population-frequency function (Cekyay and Verter, 

2010) by using the gathered data in Table 3 and the results of the simulation. The 

distribution of regular and hazmat traffic flows are given in columns five and six, 

respectively. Now, after implementing the proposed framework in the agent-based 

simulation model, the results of the second experiment (i.e., considering the proposed 

framework) is shown in Table 7. 

Table 7: Results of the second experiments considering the proposed framework 
 

  Link   
Travel 

time 

(hour) 

   Traffic distribution  Toll  

 

ID 

Availability 

for hazmat 

traffic 

Road risk 
 

Hazmat 
 

Regular 
 

Hazmat 
 

Regular 

1 No 0.09 0 0.000 0.011 0.00 0.00 

2 Yes 0.15 241,795 0.000 0.171 0.57 1.43 

3 Yes 0.20 22,425 0.073 0.008 0.00 0.00 

4 No 0.15 89,887 0.110 0.175 0.00 0.00 

5 No 0.10 0 0.000 0.093 0.00 0.00 

6 No 0.10 111,246 0.040 0.063 0.00 0.00 

7 No 0.11 0 0.000 0.088 0.00 0.00 

8 Yes 0.04 310,038 0.092 0.045 1.53 0.47 

9 No 0.04 713,400 0.112 0.013 0.00 0.00 

10 Yes 0.05 264,467 0.073 0.044 1.52 0.48 

11 Yes 0.03 921,768 0.037 0.129 1.66 0.34 

12 Yes 0.08 449,557 0.082 0.064 0.00 0.00 

13 Yes 0.08 252,558 0.169 0.005 0.00 0.00 
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14 No 0.06 212,590 0.055 0.035 0.00 0.00 

15 No 0.06 210,857 0.157 0.056 0.00 0.00 

16 No 0.20 0 0.000 0.000 0.00 0.00 
 Total 1.63 3,800,588.0 1.000 1.000 - - 

*Bold font in the link column represents a tollway.    

 
 

Table 7 which has a similar structure to Table 6, includes both the integrated policy and 

the results of the simulation model. As a result of the generated policy, some of the links 

are blocked on hazmat traffic flow. Also, a dual toll price for both hazmat and regular 

traffic flow is defined in tollways. As expected the average travel time, road risk, and traffic 

distribution for regular traffic flow as well as hazmat traffic flow have changed over the 

links. Figure 10 demonstrates the shift of hazmat and regular congestions as a result of 

implementing our proposed framework. 

 

Figure 10: Change in hazmat and regular congestions due to the proposed framework 
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As shown in Figure 10, highways 1, 5, 7, and 16 (i.e., links 0-1, 1-3, 3-4, and 9-7) are not 

imposing any hazmat risks as defined in Equation (25) as a result of ND policy, and Hazmat 

carriers are mainly pushed out of the tollways due to the impact of toll pricing policy. 

Although we cannot claim these changes in congestion distribution have made each 

individual link safer, we do can assure that not only the risk of the transportation network 

understudy have been alleviated by 43%, but also in average on all 22 alternative routes of 

four O-D pairs, the potential risk is reduced by 32% (i.e., from 79,656.1 to 60,539.4). It 

means the proposed framework mitigates the potential risk in the entire network as well as 

in each driver’s travel route. In addition, the hazmat and regular vehicles segregation has 

improved by 10.4%. Figure 11 compares the impact of implementing our proposed 

framework in terms of overall risk and travelling time. 

 

Figure 11: Impact of the proposed framework on overall risk and travelling time 

 
After implementing the proposed framework, the potential risk of hazmat accidents in the 

network is reduced by 43% (i.e., from 6,702,178.0 to 3,800,588.00). In addition, the 

proposed framework does not change the travel time on the road network (i.e., the total 

average travel time of the network was 1.63 hour and the average travel time for each travel 

was 0.02 hour). In other words, the framework was able to mitigate the potential risk of 

hazmat accidents without causing any extra cost in terms of travelling time for both hazmat 
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and regular vehicles. 

Furthermore, the results given by the proposed framework was compared with those of 

previous work conducted by Masoud et al. (2015) to understand advantages of the proposed 

framework. Table 8 reveals the comparison results. 

 
Table 8: Compression between current and previous work 

 

 

Subject 
 

Previous Work 
 

Current Work 
 

Improvement 

Number of hazmat O-D pair 1 4 - 

Number of regular O-D pair 1 4 - 

Solution methodology Heuristic Linear Relaxation - 

Risk Reduction 14% 43% 29.0% 

Travel time Increase 4.80% 0% -4.8% 

Number of Iterations 51 7 -86.27% 

 

Table 8 shows characteristics of the two mentioned models. The previous work was 

evaluated by agent-based simulation under a given data set of San Antonio, Texas, 

considering one O-D pair for each hazmat and regular vehicles. Under the same given data 

set, this study evaluates the proposed framework, which is able to consider multiple O-D 

pairs for both hazmat and regular vehicles (i.e., 4 hazmat O-D pairs and 4 regular O- D 

pairs). Regarding that most of traffic data set includes multiple O-D pairs in real world, 

this capability of the proposed framework is much more practical than the previous work. 

Although this study has been working with more number of O-D pairs, the proposed 

framework led to more risk mitigation (i.e., 29.0% of more risk reduction) without 

sacrificing any travelling time (i.e., no difference between both works in total travel time). 

These improvements show the efficiency of the model. Furthermore, this enhanced result 

was achieved in seven iterations, which is 86.27% improvement from the previous work in 
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terms of computation (i.e., 7 iterations instead of 51 iterations). This is because, instead of 

using heuristic approach which was addressed in the previous work, the proposed 

framework adopted the linearized relaxation technique to reduce the searching time of 

solutions (i.e., find the exact optimal solution without having multiple iterations for 

solution searching). 



57  

Chapter 9: Conclusions 

 

In this study, we proposed a framework based on both DTP and ND policies to mitigate 

the potential risk of accidents caused by hazmat transportation on tollways as well as 

freeways. In this framework, ND was used to restrict hazmat traffic from densely populated 

areas; DTP was addressed to impose tolls on both hazmat and regular vehicles to reduce 

the travel risk in the network. The linear-relaxation technique based on Kaush- Kahn-

Tucker (KKT) conditions was also adopted to efficiently find the best integrated policies 

by reducing search space of the optimization process. The proposed framework was 

demonstrated under a realistic set of traffic conditions (i.e., physical interactions between 

vehicles and network structure) via an agent-based simulation platform involving a real 

traffic data of San Antonio, Texas. Two experiments were conducted to test the 

performance of the proposed framework in terms of both computational efficiency and 

solution quality. The experimental results revealed that this proposed simulation-based 

optimization framework had efficiently created a realistic framework against various road 

conditions which can mitigate the potential risk while maintaining the travel time of the 

network. 

There are several possible directions for the future work. One of these directions can be 

based on conducting additional experiments to create a better understanding of the 

relationship between the computational efficiency and solution quality under the proposed 

setting. Although the proposed framework can reduce the search space of toll pricing alone, 

it is better to be compared with other optimization techniques like heuristic approaches 

(e.g., genetic algorithm, Tabu search, and Hill climbing) to ensure its outperformance. 

Another possible direction of the future studies is to improve the agent-based simulation 

model mentioned in the proposed framework by considering sensitiveness of regular 
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drivers as well as hazmat drivers on hazmat traffic flows, a realistic route planning behavior 

of drivers can be implemented into the agent-based simulation model. In addition, the 

duration-population-frequency function used in this study can be improved by considering 

different types of hazmat transportation to enhance the realism of the scenario. 
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