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ABSTRACT 

IMPROVING TRAFFIC OPERATIONS UNDER INCIDENTS USING LARGE-

SCALE TRAFFIC SIMULATIONS AND SIMULATION-BASED OPTIMIZATION 
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Guanqi Liu, Ph.D. 

George Mason University, 2019 

Dissertation Director: Dr. Shanjiang Zhu 

 

Traffic incidents are a major contributing factor towards traffic congestion. Effective 

incident response strategies can significantly reduce non-recurrent congestion and thus 

represent important research topics. In many cases, traffic operators only consider 

incident response strategies for local conditions on a relative basis. There is a need for 

efficient algorithms that could help identify optimal traffic operation control strategies on 

a regional network with complex traffic dynamics fully considered. However, identifying 

such optimal incident response strategies is a complex problem because of the large 

number of possible scenarios due to the combination of different type of control 

strategies, multiple time periods, different control parameters, multiple locations, and 

traffic dynamics. This optimization problem is high-dimensional and nonlinear. The 

underlying traffic dynamics do not have a close-form objective function and are also very 

time-consuming to evaluate. To address these challenges, an integrated optimization 
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framework that combines traffic simulation model with Simulation-Based Optimization 

(SBO) methods will be developed to identify the optimal traffic operation strategies 

under incident conditions. SBO methods can approximate the input-output relationship of 

a complex system using information from a set of sampling points and improve the 

response surface (objective function) effectively using new inputs guided from previous 

knowledge. Surrogate Models, a sub-category of SBO family, is a powerful method for 

solving optimization problems where the response surface is complex and unknown. The 

proposed integrated optimization framework was tested by combining Surrogate Models 

with a small analytical assignment network where the theoretical optimal can be 

analytically derived. Three Surrogate Models were evaluated: Quadratic Polynomial 

Regression (QPR), Radial Basis Function (RBF) and Bayesian Optimization (BO).The 

performance of the proposed framework is discussed. Results showed that BO has the 

best optimal solution searching capability yet with great running time. Though QPR 

requires much less computational time, it was shown to have poor optimal solution 

searching capability. This research then integrated a well calibrated traffic simulation 

model with SBO methods to identify the optimal traffic operation strategies under 

incident conditions on an urban area roadway network in Northern Virginia and the 

network-wise performance of the proposed framework was studied. This study presented 

a sequential method to further reduce the research space and improve the efficiency of the 

proposed model. Three different SBO algorithms are tested and compared, the 

performance of the proposed framework is discussed. The optimization results show the 

significant improvements of system total travel time and corridor congestion pattern. The 
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results indicated that the proposed optimization model is capable of enhancing response 

strategies that are high dimensional and with an unknown objective function, solving 

both of which by either derivative optimization algorithms or brute-force searching 

method is infeasible. This study then introduced multiple choices of traffic operation 

strategies (Ramp Metering, Shoulder Lane, and Variable Message Sign) that function 

cooperatively and simultaneously to respond incident related traffic congestion. The 

optimal traffic operation strategy was then identified by using the proposed optimization 

framework.  The results also showed significant improvements in total travel time in the 

system when multiple traffic operation strategies are implemented under incident 

scenarios. Concurrent deployment of synergistic multiple operational strategies are found 

to outperform each of the strategies working in isolation. This research is one of the first 

studies that aims to identify the optimal incident response strategies with multiple choices 

of traffic operation controls for responding to non-recurrent congestion on a large scale 

time-dependent simulation network with detailed traffic dynamics (e.g. users’ reactions, 

queuing propagation, bottlenecks) fully considered.      
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CHAPTER ONE   INTRODUCTION 

Background and Research Motivation 

As population grows and economy expands, traffic congestion has become a 

serious problem for major metropolitan areas worldwide. According to the Texas A&M 

Transportation Institute's 2015 Urban Mobility Report, traffic congestion issue has been 

continuously deteriorating since the economic recession of 2008 (Schrank et al., 2015). 

The average travel delay per driver has doubled since 1982. Peak hour commuters 

experienced almost 42 hours of travel delay, and an estimated 19 gallons of fuel and 960 

US dollars are wasted on traffic congestion for each peak-hour driver in year of 2014. 

Nationally, the cost of congestion amounts to an extra 6.9 billion hours of travel delay, an 

extra 3.1 billion gallons of fuel and 160 billion dollars in United States. On average, 

drivers must plan their trip twice as long as the free flow travel time to ensure reliable 

arrival for important trips. Traffic congestion affects not only rush-hour commuters, but 

also drivers in other hours. Approximately 41% of total delay occurs during the mid-day 

and night hours when drivers should expect free flow traveling. Delays during non-peak 

hours will have a negative impact on the efficiency of logistics and manufacturing 

operations (Schrank et al., 2015). A recent study by INRIX indicates that 5 out of the top 

10 most congested cities are from the United States in 2017 (INRIX, 2017). According to 

this study, the Washington D.C. Metropolitan area ranks No.6 among the most congested 
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urban areas in the United States and No. 18 globally.  Drivers spent almost 11 percent of 

their travel time (about 63 hours) in congestion in the year 2017, costing $1,694 per 

driver. Traffic congestion will also lead to other issues such as pollutions and energy 

efficiency. 

Although many factors (e.g. increasing demand, poor geometry design, traffic 

incidents, bad weather, etc.) may contribute to traffic congestion, traffic incidents (non-

recurrent congestion) are one of the major sources in urban area (Schrank et al., 2015). A 

traffic incident can be defined as “any non-recurring event that causes a reduction of 

roadway capacity or an abnormal increase in demand” (Owens, 2010). Such events 

include traffic crashes, disabled vehicles, spilled cargo, highway maintenance and 

reconstruction projects, and special non-emergency events. One previous study indicated 

that incident related delay caused 13-30 percent of peak hour congestion (Skabardonis, 

2003). According to TTI’s 2011 Urban Mobility Report (Schrank et al., 2011), 13 among 

15 large metropolitan areas and 30 out of 32 medium urban areas considered incident 

management systems as a key solution to traffic congestion mitigation.  According to the 

National Traffic Incident Management Coalition report (NTIMC, 2016), traffic incidents 

accounted for approximately 25% of traffic congestion on U.S.  roadways. For every 

minute that a freeway lane is blocked during a peak travel period because of an incident, 

an estimated 4 minutes of delay occurs until the incident is cleared. Traffic incidents also 

lead to safety issues. On average, in the U.S. at least two emergency responders are 

struck each day and at least one U.S. law enforcement officer is struck and killed each 
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month by a passing vehicle during traffic incidents. Furthermore, about 20% of all 

firefighter deaths are due to vehicle-related incidents (NTIMC, 2016).  

It is important to identify a proper response strategy that could help to quickly 

detect, and respond to the incidents in order to expedite its clearance (Zhu et al., 2012; 

Zhu et al., 2014). However, in many cases, the required clearance time is out of the 

control for traffic operators. To mitigate traffic congestion, and the related safety and 

environmental issues due to traffic incidents, it is equally important to explore traffic 

control and travel demand management strategies that would help mitigate the impact of 

such non-recurrent congestion during the response period. Therefore, identifying the 

optimal traffic operation strategy will be yield huge benefits, especially when the 

transportation system has been over-saturated due to normal travel demands. However, 

identifying optimal traffic management strategies in response to traffic incidents is a big 

challenge due to the complex traffic dynamics and a large number of possible operation 

strategies. Each of these operation strategies may also include multiple decision 

variables, either discrete or continuous, which leads to a large number of combinations. 

These operation strategies will interact with each other through complicated traffic 

dynamics, posing additional challenges for identifying the optimal solutions. 

Conventional optimization methods, either based on analytical models or simulation 

models, cannot provide quick and satisfactory answers to our question. 

Simulation Models 

As computing power becomes cheaper and more readily available, simulation 

models have been widely used by researchers and transportation engineers to analyze 
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transportation systems, and particularly traffic operation strategies. Simulation models 

can be grouped into three categories: macroscopic, microscopic, and mesoscopic. There 

three types of models differ in the level of details in traffic dynamics they are trying to 

capture, and at the same time the amount of computing time they require. A macroscopic 

simulation model describes the interaction of traffic flow, density, and speed at the 

aggregated level and keeps an analytical approach to maintain tractability to the 

maximum extent. Microscopic and Mesoscopic models usually capture more detailed 

traffic dynamics and if well calibrated, could provide a better description of real world 

traffic phenomena. 

Traditionally, microscopic and mesoscopic traffic simulation models are 

commonly used to evaluate the performance of different transportation designs and traffic 

operation strategies. Transportation simulation models normally integrate a series of sub-

models (car-following, lane-changing, etc.) to better simulate the microscopic traffic 

dynamics, thereby capturing the detailed interactions between vehicles and those between 

vehicles and traffic controls. Because of these complicated interactions and inter-

connected models, traffic simulation does not offer explicit close-form objective 

functions that researchers, engineers, and policy makers may be interested in. Therefore, 

it is very challenging to identify the optimal traffic control strategy when simulation 

models are used. Instead of developing a systematic approach for optimization, most 

studies utilized simulation models to conduct scenario-based analysis. Researchers often 

evaluated several pre-determined design scenarios based on previous experience and/or 
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engineering judgement, while do not directly address the question of identifying global 

optimal.  

This scenario-based approach is not suitable for identifying optimal operation 

strategies since many corridors equipped with active traffic management hardware often 

include multiple traffic control strategies working cooperatively. The number of possible 

scenarios will quick explode when the number of time periods, possible control 

parameters, and combinations of strategies are considered. As running traffic simulation 

models on a large network is usually time-consuming, it is extremely hard, if possible at 

all, to test every possible scenario exhaustively in a reasonable timeframe to identify the 

optimal one. Moreover, operation parameters could be either continuous or discrete, 

making the enumeration of possible scenarios impossible in many cases. 

Analytical Models 

In contrast to simulation models, analytical models try to maintain the tractability 

and computing efficiency by adopting simpler traffic models. Most models adopt either 

point-queue models or link-delay functions to represent traffic dynamics. These models 

are usually formulated as a bi-level optimization problem, where the lower-level problem 

usually follows a user equilibrium paradigm. Because of the simplification in traffic 

models under an analytical framework, analytical models cannot capture the complexity 

of real-world traffic dynamics (such as capacity constraints at intersections and weaving 

segments, blockage of lanes, queue spillback, etc.). Arguably, these details are crucial for 

faithfully representing many traffic management strategies, and effectively evaluating 

their impact on regional traffic patterns and network performance. Therefore, we need to 



6 

 

explore new methods that would strike a balance between computing efficiency and 

faithful representation of key traffic dynamic features. 

Objectives and Methodology 

Many traffic operation strategies may be implemented in response to non-

recurrent traffic congestion (i.e. traffic incidents). For example, if an incident occurred on 

a freeway segment, traffic operators may limit access to a major freeway by using ramp 

meters on upstream on-ramps. Traffic operators may also increase the capacity of some 

congested freeway segments by opening shoulder lanes. They may also rebalance 

regional travel demands by releasing travel information through variable message signs 

(VMS), or other communication channels (e.g. 511, radio, smart phone apps). These 

strategies do not work in isolation. Adopting multiple strategies may be synergetic, or 

counter-productive. Therefore, it is important to develop a method to evaluate different 

alternatives with reasonable computing time and identify the optimal traffic operation 

strategy or strategies. However, given the large number of possible scenarios, a mix of 

discrete and continuous operating parameters, and complex interactions between 

strategies, finding the best solution in a reasonable time is a big challenge, especially 

when the transportation system is time-dependent, which leads to a high dimensional and 

nonlinear optimization problem to solve. 

To address this challenge with profound implication for informed traffic 

management, this dissertation is seeking to develop a systematic method which is capable 

of combining the strengths of both simulation approach and analytical approach. This 

dissertation is aiming to develop a method which can effectively identify the optimal 
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traffic operation strategy or a combination of strategies that optimize the roadway 

network performance under incident conditions. This study proposes an optimization 

framework that integrates traffic simulation models with simulation-based optimization 

algorithms to identify the optimal traffic controls on a time-dependent large-scale 

simulation network under incident condition. The proposed framework will address the 

challenge of high search dimensions and nonlinearity of system performance as a 

function of control strategies. To achieve this objective, this study proposes to use 

Surrogate Models, a subcategory in the family of Simulation Based Optimization (SBO) 

methods to estimate the system performance under different scenarios in an efficient way. 

The proposed method could search the entire input domain of multiple controls (e.g. 

ramp-metering, shoulder lane, VMS) and identify the optimal/near optimal solution 

within limited time. Three Surrogate Models, including Quadratic Polynomial Regression 

(QPR), Radial Basis Function (RBF) and Bayesian Optimization (BO) will be integrated 

with transportation simulation models, each at a time using the proposed optimization 

framework. Their performance will be evaluated and compared first on a small analytical 

network where the theoretical optimal could be identified through brutal force method. 

This demonstration on a small network serves as prove of concept for the proposed 

optimization model and shed lights on the strengths and weaknesses of the three 

simulation-based optimization algorithms. This dissertation will then apply the proposed 

integrated optimization framework on a large scale time-dependent simulation model 

with high dimensional decision variables to demonstrate its feasibility and scalability on a 

regional network. The performance of the proposed optimization framework with the 
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three Surrogate Models will be compared and discussed. Finally, this study will introduce 

more traffic operation strategies into the network, and particularly those that would 

involve more complicated behavioral responses from road users (e.g. VMS). The results 

of this study would provide researchers and traffic operators better insights into 

deploying multiple traffic operation strategies under incident conditions. As managed 

lanes and the concept of Active Traffic Management (ATM) become more popular in the 

U.S., methods developed in this study could be extend to analyze scenarios beyond 

incident responses and help mitigate both recurrent and non-recurrent congestion through 

better traffic operations. 

Dissertation Outline 

The rest of this dissertation is organized as follows: the second chapter reviews 

previous research on incident responses based on analytical methods, simulation methods 

and/or simulation-based optimization methods. The third chapter will introduce the 

proposed integrated optimization framework. It then applies the proposed optimization 

framework on a small analytical network where the theoretical optimal is identified 

through a brutal force approach. This case study provides as a benchmark to investigate 

the performance of the proposed framework and compares the performance of three 

commonly used Surrogate Models. Chapter Four applies the proposed optimization 

framework on a large scale mesoscopic simulation model and addresses technical 

challenges associated with the scalability, computing efficiency, and some limitation of 

the Bayesian framework. The proposed optimization framework is capable of reducing 

the dimension of decision variables through a sequential approach and maintain the 
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scalability of the proposed framework on a large transportation simulation network.  In 

the fifth chapter, traffic operation strategies with more complicated behavioral reactions 

from road users (e.g. VMS) will be introduced to the integrated optimization framework 

and technical challenges related to the randomness and sampling issues will be discussed. 

This chapter will demonstrate that the integrated optimization model is capable of 

optimizing the multivariate traffic operation strategies simultaneously on a large scale 

time dependent traffic simulation network. The final chapter will conclude this 

dissertation with a brief discussion regarding the findings and insights of this dissertation. 
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CHAPTER TWO LITERATURE REVIEW 

This study proposes an integrated optimization framework that combines traffic 

simulation models and Simulation-Based Optimization (SBO) algorithms to identify the 

optimal traffic operation strategies on a time-dependent large-scale simulation network 

under incident conditions. The proposed optimization model will be combining the 

strength of computational capability of simulation model and tractability of analytical 

model to optimize the traffic operation strategy which bridges the gap between previous 

studies. Both simulation and analytical methods have previously been applied in 

transportation studies. However, integrating these two methods to address challenges in 

traffic operations, and particularly in the context of incident responses, has not been well 

investigated. Many questions, including the performance of different simulation-based 

optimization algorithms, the scalability of such method on large-scale simulation models, 

the interaction between different control strategies and its implication of optimization 

results, have not been addressed in the literature. This chapter will review previous 

efforts in three different research areas: 1). Research on traffic operation and 

management using simulation models; 2). Research on the same topic using analytical 

models; 3). applications of simulation-based optimization methods in transportation 

research. Findings from this chapter will identify the gap in the existing literature, 
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highlight the value and contributions of the proposed modeling framework, and provide 

guidance for the research to be conduct in this dissertation. 

Simulation Model 

Traffic simulation models have been widely used to evaluate the performance of 

pre-determined traffic operation strategies under various scenarios, many of which are in 

the context of incident responses. Simulation models can be grouped into three 

categories: macroscopic, microscopic, and mesoscopic simulation. The essential 

difference of the three simulation models is the resolution of the models will be focusing. 

Transportation simulation models had been developed and introduced to solve 

transportation design and operation problems since 1950’s. Various simulation software 

models such as TransModeler, VISSIM, Paramics had been widely utilized for diverse 

research purposes in transportation area (Chu and Yang, 2003; Fellendorf and Vortisch, 

2010; Zhang, et al., 2012). Simulation models have also been used for modeling incident 

response actions and operations. In some of the early research on real time incident 

response, Southworth et al. (1992) proposed a Dynamic Traffic Assignment (DTA) 

modeling framework for real time traffic routing during mass evacuations. Hasan (1999) 

investigated two ramp metering algorithms (ALINEA and FLOW) and compared their 

performance using microscopic traffic simulation models. Pal and Sinha (2002) used a 

mesoscopic simulation model to systematically develop freeway service patrol strategies 

to improve the total vehicle hours and response patrol deployment schedule. Pulugurtha 

et al. (2002) used CORSIM and VISSIM models to model and analyze freeway incident 

by using Las Vegas metropolitan area traffic data on a 2.5-mile freeway segment. Their 
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study compared CORSIM and VISSIM under several different incident conditions.  

Results showed that CORSIM performed better than VISSIM on simulating incident. 

Ben-Akiva et al. (2003) used a microscopic traffic simulation model to evaluate the 

performance of a wide range of freeway traffic operation strategies (e.g. ramp control, 

lane control, integrated control with route guidance) separately under various scenarios in 

Boston. Chauhan (2003) used Mesoscopic Dynamic Traffic Assignment (DTA) model to 

investigate the impacts of Variable Message Sign (VMS) as a traffic operation strategy 

under various traffic and incident scenarios. The study attempted to improve the 

computational efficiency in scenario evaluation and investigated the impacts of VMS 

diversion strategies under incident situation. The author concluded that the predictive 

VMS strategy behaved the best on travel time reduction. The impacts of VMS strategy 

also hugely depend on the incident location and number of available alternative routes. 

Similarly, Wirtz et al. (2005) also used a mesoscopic DTA model to investigate incident 

response strategies. The authors applied a self-developed mesoscopic software called 

VISTA to model the performance of freeway incident response actions under various 

incident durations and scales on northern Chicago highway network. This research 

concluded that implementing the wrong incident response strategy could worsen the 

congestion on the directly impacted freeway segment and its surrounding highway 

region. Incident scales and durations have the most statistically significant impact on 

congestion severity. Closing on ramps upstream of the incident location would be an 

effective way to reduce congestion but only for incidents with long duration and huge 

lane closing. This research also has limitation, such that, the model that is used in the 
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study assumes drivers have perfect information and always switch to the routes with 

shorter travel time. It is impossible for people to know the perfect information of all 

routes and User Equilibrium is most unlikely to be reached in the real world, especially 

when a non-recurrent congestion occurs (e.g. incident related congestion). Chu et al. 

(2004) used Paramics, a microsimulation tool to evaluate how ITS strategies can reduce 

non-recurrent traffic congestion over a network through scenario analysis. The evaluated 

ITS strategies include incident management, adaptive ramp metering, traveler 

information, arterial management, and a combination of those strategies. Their results 

indicated that all ITS strategies have positive effects on network performance. However, 

adaptive ramp metering cannot improve system performance effectively under the 

incident scenario. This research study modeled incident scenarios hypothetically in the 

simulation model and called up API quantitatively evaluate embedded ITS strategies. 

This research also concluded that the proper combination of ITS strategies leads to 

greater benefits and variable message signs play the most important role in mitigating 

traffic congestion under incident situation. Sisiopiku (2007) developed and evaluated 

emergency response scenarios on regional transportation network by using large-scale 

CORSIM micro-simulation model. Three emergency scenarios were developed and tested 

by simulation. The outputs of different scenarios were compared and recommendations 

were made for the future needs.  This study proves the capability of simulation 

approaches in modeling emergency response management. Huaguo (2008) used 

CORRIM simulation model to investigate the impacts of incident management and 

designated signal timing plan modifications on traffic diversion operations. The study 
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claimed that the purposed signalized diversion operation would significantly reduce 

overall network delay by 21%. The researcher used SYNCHRO to design the signal plans 

for six different incident scenarios, and indicated that traffic diversion has a critical 

impact on total delay to the network. This study only tested one strategy within small 

network. Zhou (2008) used simulation package CORSIM and Synchro to evaluate the 

performance of route diversion plans for incident response management. The results 

demonstrate that the percentage of diverted traffic is a critical factor on travel delay 

reduction on network-wide performance. The authors found that a 10% diversion rate 

offers the optimal total network delay based on the case study. Ozbay et al. (2009) 

applied a self-developed a mesoscopic cell transmission based simulation model to 

evaluate incident management strategies including the deployment of Variable Message 

Signs (VMS) to divert traffic during incidents and the use of Freeway Service Patrols 

(FSPs) for detecting and verifying incidents efficiently. This research mainly focus on the 

benefit/cost analysis of deployment of VMS, and the incident duration reduction and also 

benefit/cost analysis due to increasing on number of FSP units. The results showed that 

the implementation of VMS has the positive impact on congestion relief. Moreover, 

increasing the number of FSP unit generate more benefit by reducing incident detection 

time. Chou & Miller-Hooks (2011) investigated the potential benefits of diverting traffic 

to managed lanes on freeway during incident by using microscopic simulation tool 

VISSIM and quantifying the impacts and benefits of traffic mitigation strategies. The 

results showed that the impacts mainly depend on the location of the incident scene 

relative to the starting point of the diversion opening, the total length of access to the 
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managed lane under the diversion strategy, incident duration, and incident severity 

(number of lane being closed). The authors then proposed several approaches (response 

actions) to be evaluated in the simulation model. The results showed that diverting point 

closer to the incident location the better, GP vehicles can jump into the managed lane 

immediately after detecting queue formation in the GP lanes. The longer the incident 

duration, the greater the benefit.  Permitting continuous access to managed lane produced 

significant benefit on travel time saving. Tasic (2012) used simulation model to develop a 

set of incident response strategies that optimize decision making in terms of time and 

response level minimize users’ cost due to incident induced delay on the freeway 

network. This research conducted a comparison study for different combinations of 

incident duration, level of closure, VMS level and response time and determined the 

responses that give the optimal results. The limitations of this study were that the VMS 

diversion rate could only be obtained through survey or previous studies, and the lack of 

data from arterial. Another drawback of this study is that the comparison of such a great 

number of different combinations of incident response strategies would be 

computationally heavy and lack of determination of global optimal. Henchey et al. (2014) 

built a simulation model to well replicate the real-world traffic condition. Most 

importantly, this model can simulate the emergency vehicles responding to the scene of a 

crash and provide the basic information for future needs. Jiang & Chung (2014) proposed 

a zone rapid congestion recovery strategy of ramp metering to mitigate the recurrent 

congestion during morning peak hours. In this research, the author only evaluated single 

traffic operation strategy by conducting a case study in Brisbane, Australia. The case 
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study used microsimulation model with static traffic demand and the proposed ramp 

metering strategy was integrated into the simulation model through API. The results 

indicated that the proposed ramp metering has better performance on congestion recovery 

than the basic ramp metering plan. Nitsche et al. (2016) investigated a scenario-based 

study of evaluating the overall performance (incident duration and response time 

reduction) of the novel traffic incident management techniques (e.g. eCall, C2X or 

xFCD) by using macro-simulation model. Papayannoulis et al. (2011) used an integrated 

simulation model to simulate the performance of traffic operation scenarios under 

different traffic operation designs and geographical designs in Manhattan, New York. 

Vadde et al. (2012) used microscopic simulation model VISSIM to evaluate the 

effectiveness of using various active traffic management (ATM) strategies such as speed 

harmonization, hard shoulder, and ramp metering on freeways. The simulation results 

indicated that the implement of these traffic operation strategies has significant 

improvements on speed, travel time, and crash rates on the study locations. Dion et al. 

(2012) developed traffic simulation models to evaluate the impacts of different Corridor 

System Management strategies for California freeway corridors. Xiong et al. (2015) 

developed a 24-hour large-scale microscopic traffic simulation model on a tollway 

system that was implemented for the Washington, DC, metropolitan area. The research 

team used TransModeler to conduct a case study that evaluates the performance and 

impacts of the tollway system both in network level and corridor level. The simulation 

network that was developed in this research is applicable for traffic operation analysis of 

a wide range of planning policies, traffic control and active traffic operation strategies 
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such as dynamic lane controls, ramp metering, and en-route diversion. Lee et al. (2017) 

used real time responsive ramp metering embedded in a large scale simulation-based 

mesoscopic DTA model to investigate the network-wide and local-wide impacts. This 

research provides a prototype planning framework beyond the corridor level with traffic 

operation management tool.  

Although many researchers have used various simulation models to evaluate the 

effectiveness of a wide range of traffic operation controls (e.g. shoulder lane, ramp 

metering, variable message sign, toll road, etc.).  Most of these efforts were still limited 

to scenario-based evaluation of several pre-determined strategies and did not search for 

the optimal solution, especially in the context of combining multiple traffic operation 

controls. The problem becomes intractable because of the large number of strategy 

combinations and the long computing time for simulating a large network. 

Analytical Models 

In addition to simulation models being used on modeling the performance of 

traffic operation management tools. Some previous research adopted analytical models to 

study incident responses to tackle with the intractability and expensive computing efforts 

issues of simulation models.  However, there are few studies focused on solving traffic 

operation strategy optimization from analytical perspective. Chen et al. (1997) formulated 

a dynamic ramp metering control problem and solved the optimal metering rate using a 

non-linear programming method. Zhang et al. (2001) formulated the ramp metering 

control problem based on a discretized traffic flow model. Levinson (2003) utilized 

probit choice model and empirical traffic data to quantitively investigate the effectiveness 
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of variable message sign (VMS) on network travel time and total delay mitigation. 

Results indicates that the VMS stands only has no obvious effect on reduction of travel 

time, however, it will be obviously improving on travel time reduction if VMS works 

with ramp meters simultaneously, especially when incident occurs during rush hours. 

Kotsialos et al. (2001) and Kotsialos et al. (2002) integrated various traffic control 

strategies (VMS and Ramp Metering) with a second-order macroscopic traffic flow 

model. The authors built a discretized nonlinear optimal control problem and used a 

feasible-direction nonlinear optimization algorithm to obtain the optimal traffic control 

strategies. Some researchers extended the study of Kotsialos et al. (2001) and studied the 

optimization problem of implementing the variable speed limit in coordination with ramp 

meters (Hegyi et al., 2005; Carlson et al., 2010; and Carlson et al., 2010). They concluded 

that the combination of two strategies would lead to better performance than the cases of 

a single strategy. Most studies based on analytical models are limited to a single corridor 

and do not consider complex traffic dynamics as those captured by traffic simulation 

models. Zhao et al. (2017) proposed an integrated model to tackle the off-ramp 

congestion problem by maximizing the capacity of downstream intersection. The 

research adopted a nonlinear mixed-integer program model to optimize pre-signal 

strategy and signal timing problem on off-ramps and signalized intersection. The 

optimization is solved by branch-and-bound technique. Brennan et al. (2018; 2019) used 

large data repositories obtained from probe vehicles to evaluate congestion propagation 

on a regional network. The studies identified the need for evaluating congestion 

propagation and simulating incident response strategies in real time. There has not been 
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many research used analytical methods to investigate incident respond problem from 

traffic operation management perspective, which leave us a big research gap. Most 

studies based on analytical models are limited to a single corridor and do not consider 

complex traffic dynamics as those captured by traffic simulation models. 

Simulation-Based Optimization Methods 

Analytical models were used to keep the tractability and clear mathematical 

formulations. Such models would trade-off the realistic and stochastic nature of traffic 

dynamics and incident patterns. In contrast, simulation models have been widely used to 

replicate the real-world traffic patterns and dynamics to help traffic decision makers to 

make the best decision. To find the optimal operation strategies in a reasonable time 

duration, a clear and well-behaved objective function (such as those adopted in analytic 

models) is needed, yet since simulation models introduce noise and stochasticity into the 

model, the analytical relationship between traffic operation strategies and its impact on 

transportation system is hard to estimate, such an objective function is usually 

unavailable if we want to capture complex traffic dynamics through simulation models.  

Moreover, it is usually very time-consuming to evaluate even a single scenario on a large 

network, which makes it computationally intractable to use brutal force methods. 

Therefore, we need to develop an efficient method to estimate the objective function and 

the optimal solutions simultaneously. Increasing number of studies have used simulation-

based optimization (SBO) methods to reduce the number of scenarios that modelers need 

to simulate and accelerate the decision making process. Such models combined 

simulation power and tractability of mathematical optimization.  
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There are various types of simulation-based optimization methods. Simulation-

based optimization will build or estimate an input-output relationship of the system when 

analytical expressions are unavailable. Fu (1994) grouped simulation optimization 

problems into two categories: discrete and continuous.  For the problems with discrete 

input and finite set, multiple-comparison and ranking-and-selection methods would be 

the best approaches to use. For the problems with continuous input parameters, gradient-

based methods including perturbation analysis, the likelihood ratio method, Finite 

Difference, and frequency domain analysis can be applied. Carson and Maria (1997) 

introduced an overview of simulation-based methods and grouped them into six 

categories. Ammeri et al. (2010) comprehensively introduced simulation-based 

optimization methods. The authors categorized them by the continuity of input variables, 

and the shape of the response surface. Rios & Sahinidis (2013) and Amaran et al. (2014) 

also conducted a systematic review on SBO methods. This paper introduced the basic 

concept of simulation optimization. This paper also compared SBO and derivative-free 

optimization. The author classified the algorithms by different research needs and 

characteristic of the problems (e.g. infinite/finite parameter set, discrete/continuous 

variables, etc.). Xu et al. (2015) also gave a brief review of the state-of-the-art 

simulation-based optimization algorithms and illustrated how simulation optimization 

methods would work around the uncertainty and stochasticy of simulations. To be 

convenient and reader friendly, a categorization chart of existing simulation-based 

optimization models has been showed into Figure 1.  
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Figure 1. Categorization of Simulation-based Optimization Models 

 

SBO algorithms have been also applied in transportation areas. For instance, Ting 

& Schonfeld (1998) used Simultaneous Perturbation Stochastic Approximation (SPSA), a 

gradient based optimization method to optimize waterway transportation investment 

problem. Adeli & Karim (2000) developed a radial basis function neural network 

(RBFNN) to classify the de-noised and clustered observed data. The new model produced 

excellent incident detection rates with no false alarms when tested using both real and 

simulated data. Fu & Howell (2003) applied perturbation analysis (PA) method to 

determine the traffic signal timing for a single intersection. Wang & Schonfeld (2005) 

and Tao & Schonfeld (2005) used Genetic Algorithm (GA) to optimize the transportation 

budgeting problems. Some researchers also used GA algorithm to locate the global 

optima of the traffic signal control system (Teklu et al. 2007; Stevanovic et al. 2008). 

PIZANO (2010) used surrogate model to optimize regional signal timing strategies. 
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Osorio & Bierlaire (2013) proposed a simulation-based optimization method that 

combines with quadratic polynomial regression (QPR) and queuing model to optimize 

traffic signal timing control problem. The results indicated the model reduced average 

travel time.  Osorio and her research team also did some extensions based on their 

original research from 2013. Osorio & Chong (2015) used SBO method to efficiently 

solve signal optimization problem on a large-scale transportation network. Based on the 

previous ground research, Chong & Osorio (2018) extended their previous study to SBO 

method to optimize signal control plans on a dynamic network. Li et al. (2010) applied a 

heuristic approach that is using Lagrange relaxation technique to optimize highway 

transportation investment problems under uncertain budget. More recently, Melouk et al. 

(2011) adopted a metaheuristic algorithm (Tabu Search) to search for the best congestion 

mitigation strategies. This research simulated traffic using a macroscopic simulation 

model. The optimization method identifies the best strategy of which congested link is 

necessary for capacity boost to mitigate the congestion of roadway networks. This study 

only considered lane capacity increases as a traffic congestion mitigation solution. Ciuffo 

et al. (2011) used kriging to verify different micro-simulation calibration methods and 

improve the calibration of traffic simulation models. In some of the early research on real 

time incident response, Southworth et al. (1992) proposed a dynamic traffic assignment 

(DTA) modeling framework for real time traffic routing during mass evacuations. Zhu et 

al. (2018) also used kriging to estimate the best supply parameter (capacity, jam density 

etc.) that calibrates the large-scale dynamic traffic assignment (DTA) network. This 

method is able to reduce the number of simulation runs for function evaluation in 
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calibration process and surpass the performance of genetic algorithm in searching for 

better solutions. Pal & Sinha (2000) is the first research that used simulation-based 

optimization method to solve incident response related optimization problem. This 

research focused on optimizing the resource allocation, hours of operation, fleet and crew 

sizes, dispatching policies, areas of operation, and routing patterns of incident response 

units through dynamic transportation simulation incorporated with optimization 

algorithm that enhance the patrol service and improve the efficiency. This research used 

nested partitions method to optimize the performance of the system. Nested partitions 

method was selected because of the high efficiency of computing capability. This method 

divided the whole search space into some sub-regions and those sub-regions with good 

solutions are clustered. He (2014) is one of the first researchers to implement simulation-

based optimization methods on large-scale transportation network problems. This 

research used SBO methods to evaluate the unknown objective function of a large-scale 

toll road system and used Genetic Algorism to find the optimal toll rate. The author 

compared and tested some of the most popular surrogate models, such as Bayesian 

Optimization, Radial Basis Function, and Quadratic Polynomial Regression. This 

research was focused on large-scale transportation simulation network, and it’s capable of 

solving multi-objective optimization problem with consideration of simulation noise. 

Chen et al. (2014) evaluated and compared the family of surrogate models on 

approximating objective function for transportation simulation input-output mapping. 

The research applied kriging to optimize highway toll rates in order to minimize the 

average travel time. However, the computational expense is huge and it’s not good 
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enough for optimizing transportation problem with high dimensional variables. Zhang et 

al. (2014) also applied kriging method to investigate the usage of HOT lanes and 

Dynamic message signs. Chen et al. (2017) integrated simulation based optimization 

algorithm and transportation simulation model to identify the optimal toll pricing 

strategies to improve network-wide reliability. 

Summary 

Traffic simulation models have been widely used to evaluate the performance of 

different traffic operation and management strategies. Most of these studies were 

scenario-based and only a few alternatives were selected based on engineering 

judgement. Most studies either evaluated a single strategy, or a few strategies but with a 

searching space reduced to a sparse grid. This approach is not systematic and can only 

identify the best performer among a few pre-determined scenarios, thus does not qualify 

as an optimization method. Expanding the searching grid is computationally inefficient, 

and optima are not guaranteed. 

Analytical methods on the other hand, did not fully capture traffic dynamics 

related to many operation strategies because of the limitation of analytical models. Most 

of the previous analytical-based research on incident responses mainly focused on 

minimizing the response time, optimizing response team allocation and deployment, and 

reducing impacts of incidents by reducing incident duration. Although these issues are 

important for incident responses, they are different from optimizing traffic management 

strategies (e.g. ramp meters, VMS, and should lanes) to reduce system congestion during 

and after incident clearance. 
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In addition, it is extremely difficult to build up a close-form analytical objective 

function, which means the gradient and derivative information is usually very difficult to 

obtain. Therefore, neither simulation approach nor analytical approach would 

satisfactorily address the incident response strategy problems traffic operators are facing. 

Simulation-based optimization methods provide a viable alternative. A large number of 

research has been dedicated to exploring the simulation-based optimization methods for 

transportation applications. However, few of those focused on addressing incident 

response optimization problems. A framework based on simulation-based optimization 

approach has the potential of addressing both the issue of replicating complex traffic 

dynamics and interaction between operation strategies, and the tractability for 

optimization problems on a large-scale transportation roadway network. However, such 

method has not been sufficiently developed. Many technical issues, including the best 

simulation-based optimization algorithm to be used, the scalability, and best way to 

capture behavioral reactions to control strategies, have not been explored. To bridge the 

gap, this research will integrate traffic simulation model with simulation-based 

optimization methods to efficiently identify the optimal traffic operation strategies for 

mitigating non-recurrent congestion while still considering the complex traffic dynamics 

on a large network. 
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CHAPTER THREE IMPROVING INCIDENT RESPONSE OPERATION 

STRATEGIES USING SIMULATION-BASED OPTIMIZATION METHODS: 

FEASIBILITY EVALUATION AND PERFORMANCE COMPARISON  

Introduction 

As indicated in the introductory section, with active traffic management (ATM) 

systems being increasingly deployed nationwide, there is an urgent need for methods that 

help to optimize traffic control and travel demand management strategies, and 

particularly for mitigating the impacts of traffic incidents during the response period. 

There are many traffic operation strategies that may be deployed as part of the ATM. For 

example, traffic operators may limit the access to a major freeway and divert traffic using 

ramp meters when an incident occurs. Traffic operators may also increase the capacity of 

some freeway segments by opening shoulder lanes. They may also rebalance regional 

travel demand by releasing travel information through variable message signs (VMS), or 

through other communication channels. These strategies do not work in isolation. Given 

the large number of possible traffic operation scenarios and complex traffic dynamics, 

finding the best solution quickly is a big challenge.  

This study proposes to use Surrogate Models, a subcategory of SBO family, to 

explore the optimal traffic operation strategies for incident response management. The 

proposed method will estimate the system performance (i.e. total system travel time in 

this case) as a function of control strategies and/or parameters using a small number of 
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samples collected through simulation, which will inform researchers the potential optima 

and guide the selection of points for further simulation trials. The new samples will 

improve the estimation of the response surface (system performance as a function of 

traffic operation controls), and iteratively lead to the optima. This simulation-based 

optimization framework keeps the transportation simulation models to track detailed 

traffic system dynamics to the maximum extent possible, while limited the number of 

trials by exploring the analytical features of the response surface. This guided searching 

approach helps to reduce the total number of samples (i.e. the number of times to run the 

simulation model), representing a great improvement compared to the scenario-based 

analysis or the grid-based brutal force searching.   

Although this simulation-based optimization method has been widely applied in 

other fields, it has not been sufficiently explored in the context of traffic operations and 

management. The pros and concerns of many candidate algorithms under this framework, 

and the performance of the overall framework have not been well studied. Three 

Surrogate Model algorithms will be tested and compared in this research. These models 

include: Quadratic Polynomial Regression (QPR), Radial Basis Function (RBF) and 

Bayesian Optimization (BO). To better understand the performance of the proposed 

framework, an analytical traffic assignment network was adopted to replace the 

simulation model for evaluating the system performance in response to traffic controls. 

This analytical network allows us to identify the global optimal solution and use it as the 

benchmark for better comparison. Findings from this analysis based on a small network 

would help us better understand the performance of the proposed framework, and 
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confidently extend the framework to investigate the optimal control strategies on a large 

network. 

Relevant Studies 

Although application of SBO methods in incident response studies is still 

preliminary, it has been widely used in many other fields. In transportation related 

studies, Pal & Sinha (2000) are among the first researchers who used SBO method to 

solve the incident response optimization problem. This research used nested partitioning 

method to optimize the performance of the system. Pizano (2010) used Surrogate Model 

to optimize regional signal timing strategies. Ciuffo et al. (2011) used kriging to improve 

micro-simulation calibration.  Osorio & Bierlaire (2013) and Osorio & Chong (2015) 

proposed a SBO method that combines QPR with a queuing model to optimize traffic 

signal control plans. He (2014) pioneered the research efforts to implement SBO methods 

on large-scale transportation networks to evaluate the unknown objective function of the 

toll road system and used GA to explore the optimal toll rate. Osorio & Nanduri (2015) 

also used SBO algorithm to optimize traffic signal control strategies with the objective of 

minimizing total fuel consumption. Additionally, other general introductions and 

applications also showed that SBO methods were powerful to tackle the problems with 

unknown objective functions, which are ideal for addressing the shortcomings of 

simulation model in optimizing incident response strategies (Fu, 1994; Carson & Maria 

1997; Ammeri et al., 2010; Rios & Sahinidis, 2013; Amaran et al., 2014; Xu et al., 2015). 

This research employs Surrogate Models (also known as Response Surface Model or 

Meta-Model), a subcategory of SBO methods to solve the optimization problem with an 
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unknown objective function. These models use system performance information from 

sampling points (i.e. simulation outputs) to approximate the statistical structure or 

response surface that represents the relationship between simulation inputs and outputs. A 

general overview of the models can be obtained from Fu (2002); Søndergaard (2003); 

Barton & Meckesheimer (2006); Kleijnen (2008); Ammeri et al. (2010); and Amaran et 

al. (2014). The three most mainstream Surrogate Models include: Quadratic Polynomial 

Regression, Radial Basis Function and Bayesian Optimization (Mockus et al., 1978; 

Jones et al., 1998; Björkman & Holmström 2000; Gutmann, 2001; Wright, 2003; Regis, 

& Shoemaker 2005; and Gelbart, 2015) all of which were tested and evaluated in this 

study. 

Methodology 

The primary objective of this study is to develop optimal traffic operation 

strategies or the best combination of traffic operation actions that lead to the best network 

performance (i.e. minimum total travel time in the system) under certain incident 

scenarios. To maintain the tractability of the network model and generate insights on the 

performance of proposed Surrogate Models to be tested, we used a simple User-

Equilibrium (UE) based traffic assignment model instead of large-scale traffic simulation 

model to simulate network dynamics in the form of O-D flows and turn movements. By 

very nature, the outputs of the assignment model are deterministic for each input scenario 

and we don’t have to do multiple simulation runs to get replications as are required for 

simulation models. Thus, we are able to obtain the theoretical optimal traffic operation 

solution as a benchmark within a reasonable timeframe and compare it with the outputs 
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from the proposed Surrogate Models. Due to the complexity and nonlinearity of the 

traffic assignment model, which follow UE as a constraint (a bi-level structural 

optimization problem). The optimal solution is hard to identify under a bi-level structure 

by converting to single-level relaxations (Christiansen et al., 2001; Ma 2016). Therefore, 

this theoretical optimal solution is obtained by exhaustive search. 

The objective of the optimization problem is to minimize total travel time,  F(X). 

For a given data set Ф,  {(𝑋1 F(𝑋1)), (𝑋2 F(𝑋2)), (𝑋3 F(𝑋3)),…… (𝑋𝑖 F(𝑋𝑖))} ϵ Ф, where 

𝑋𝑖  is a multi-dimensional decision variable vector representing incident response 

strategies (i.e. ramp metering rate, opening of shoulder lanes, functioning of variable 

message signs, etc.), F(𝑋𝑖) is the objective evaluation value at location 𝑋𝑖 , where i is the 

number of observed data point. We use different sizes of sample points derived from 

simulation function evaluation to estimate the underlying response surface using 

Surrogate Models. A simulated annealing algorithm will then be used to locate the global 

optima of the estimated response surface. The traffic assignment network model will be 

used to evaluate the system performance at the newly identified optima. The estimated 

surface will then be updated using information from this new point, dubbed as the 

interpolation procedure. This process will be repeated iteratively until: 1) the algorithm 

reaches the maximum number of iterations allowed, or 2) the improvement at the current 

iteration is less than a predetermined stopping criterion. The performance of each model 

will then be analyzed and compared in next section. The framework of this research is 

shown in Figure 2. 
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Figure 2. Framework of Surrogate Models. 

 

Quadratic Polynomial Regression 

This approach uses the sampled data points to regress the unknown surface. Least 

square minimization then can be used to determine the coefficient of each variable. QPR 

function can be expressed as Equation (1): 

𝑓(𝑥, 𝛽) =  𝛽1 + ∑ 𝛽𝑚+1𝑥𝑚
𝑑
𝑚=1 + ∑ 𝛽𝑚+𝑑+1𝑥𝑚

2𝑑
𝑚=1 ,   𝑥𝑚 ∈ 𝐷𝑎𝑡𝑎 𝑠𝑒𝑡 (𝑥1, 𝑥2, 𝑥3, . . 𝑥𝑑)           (1) 

Analytical UE-Based Traffic 
Assignment Model

Simulation-Based 
Optimization

New Testing Strategy

Knowledge of System 
Reaction Surface

Update Current 
Optimal 

Strategies & 
Iterate counter 

N=N+1

Management Strategies Data Set

Ф

Intermediate Optimal Strategy

If No If Yes Output Optimal 
Traffic Operation 

Strategy

True Function Evaluation 
under Testing Strategy

Latin Hypercube Sampling

Searching Optima of 
Estimated Surface

Input Demand &Generate Incidents
Initialize iteration count N=1,t=1

Convergence Check if



32 

 

Where 𝛽1 is the intercept, 𝛽𝑚+1 and 𝛽𝑚+𝑑+1 are the coefficients to be estimated, d is the 

dimension of the decision variable, m is the mth dimension. For more information about 

QPR, please refer to Bhattacharyya and Johnson (1997).  

Radial Basis Function 

Radial Basis Function has gained increasing attention on optimizing problems 

with unknown objective function. The basic idea of RBF is to use the summation of 

weighted basis functions to approximate a model (or a surface) that fits the observed data 

points. It assumes that the value of RBF only depends on the Euclidian distance of two 

data points. The response value of two points would behave more similar as these points 

closer to each other. RBF then treats every sampled data point as center and uses basis 

function to build approximated response surface around them. The analytical expression 

of RBF can be written as in Equation (2). The basis function that the most commonly 

used in RBF is Gaussian Basis Function as shown in Equation (3).  

𝒇(𝒙) =  ∑ 𝒘𝒏 ∗ 𝒆𝒙𝒑 (−𝜸‖𝒙 −  𝑿𝒊‖
𝟐)𝒏

𝒊=𝟏                                                                                   (2) 

𝝋 =  𝒆𝒙𝒑 (−𝜸‖𝒙 −  𝑿𝒊‖
𝟐)                 (3) 

Where i is the index of observed data points; n is the number of observed data points; 

𝑤𝑛is the weighting parameter for each observed data point; 𝛾 is the shape parameter; φ is 

Gaussian Basis Function. For more mathematical details about RBF algorithm, please 

refer to Björkman & Holmström (2000); Gutmann (2001); Wright (2003); Regis & 

Shoemaker (2005). 

Since RBF is to use the summation of weighted basis functions to estimate a 

surface that fits the observed data points, RBF then turns nonlinear problems into a linear 
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combination of basis functions with weighting parameters. Therefore, the problem is 

similar to simple regression, in which weighting parameters can be estimated by using 

least squared method or maximum likelihood estimation method. 

Bayesian Optimization 

Bayesian Optimization (BO) uses Gaussian Process (GP) to build the posterior 

distribution of the unknown objective function. Given the observed data set Ф, 

{( 𝑋1,𝐹(𝑋1)), ( 𝑋2,𝐹(𝑋2))… ( 𝑋𝑖 , 𝐹(𝑋𝑖))} ϵ Ф, the posterior distribution of the function 

prediction at location 𝒙 can be expressed as Equation (4): 

𝒑(𝒇(𝒙)|𝒙, 𝑿𝒊, 𝑭(𝑿𝒊)) = ∫ 𝒑(𝒇(𝒙)|𝒙, 𝑭) ∗ 𝒑(𝑭|𝑿𝒊, 𝑭(𝑿𝒊)) 𝒅𝑭 = 𝑮𝑷(𝒇(𝒙)|𝝁∗(𝒙), 𝝈∗
𝟐(𝒙))     

(4) 

Where 𝐹(𝑋i)is the observed simulated system performance under strategy 𝑋𝑖, 𝑓(𝒙) is the 

estimated performance function prediction at strategy vector  𝒙 , 𝑝(𝑭|𝑋𝑖 , 𝐹(𝑋𝑖)) is the 

posterior function distribution by given observed data, 𝜇∗(𝒙) and 𝜎∗
2(𝒙) are the mean 

and variance of the posterior distribution to be estimated through the Gaussian Process. 

An important assumption of GP is that, every variable is jointly Gaussian-distributed. 

Thus, every observed data point from prior and predicted data points from posterior can 

be drawn from a multivariate Gaussian distribution with certain mean and variance. Also, 

GP is an approximation of a distribution over functions by given prior data points. 

Therefore, an estimation of the unknown function can be drawn from the posterior 

distribution (Rasmussen & Williams, 2006).  GP can be represented in a joint distribution 

as Equation (5): 
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[
𝐹(𝑋𝑖)

𝑓(𝒙) 
] ~ 𝐺𝑃([

𝜇(𝑋𝑖)

𝜇∗(𝒙)
] ,  [

𝐾 𝑘
𝑘𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒 𝑘∗])                                                                     (5) 

Where 𝜇(𝑋𝑖 ) is mean of the prior distribution of the simulated system performance 

function (which depends on the observed data points), K is a covariance matrix that 

depends on the observed data points only, k is a vector of the covariance matrix that is 

related to both the observed data points and a new testing data point, 𝑘∗ is the covariance 

matrix that is only related to the testing data point. 

Covariance matrix is consisted with covariance functions, also known as basis 

function or kernel function. There are several covariance functions available to use. We 

use Squared Exponential covariance function in this paper as Equation (6). For more 

information of selecting the covariance functions, please see Rasmussen & Williams 

(2006) and Gelbart (2015). 

k (𝑋𝑖, x  ) = 𝜎𝑓
2 ∗ 𝑒𝑥𝑝 (− ∑

1

2𝑙𝑚
2 ‖𝑋𝑖

𝑚 − 𝒙𝑚‖
2𝑑

𝑚=1 )                                                                   (6) 

Where i is the index of data point; d is the dimension of the decision variable, m is the mth 

dimension; 𝜎𝑓
2  is signal variance; 𝑙𝑚  is length-scale parameter for the mth 

dimension; ‖𝑋𝑖
𝑚 − 𝒙𝑚‖ is the distance between two points. The shape of the posterior 

distribution is determined by signal variance 𝜎𝑓
2  and length-scale parameter 𝑙𝑚  in 

Equation (4). Given sampled data points, these hyperparameters 𝜎𝑓
2  and 𝑙𝑚  can be 

estimated by maximizing the marginal log likelihood showing in Equation (7): 

𝐿𝑜𝑔𝑝(𝐹(𝑋𝑖)| 𝑋𝑖) =  −
1

2
𝐹(𝑋𝑖)

𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒𝐾−1𝐹(𝑋𝑖) −
1

2
𝐿𝑜𝑔|𝐾| −

𝑁

2
𝐿𝑜𝑔2𝜋                    (7) 
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After finding the optimal hyper-parameters that best fit the observed data, the 

mean and variance of the posterior distribution of the objective function can be expressed 

as Equation (8) and Equation (9). For more mathematical detail information about GP, 

please refer to Rasmussen & Williams (2006). 

𝜇∗(𝒙) = 𝑘𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒 ∗ [𝐾]−1 ∗ 𝑓(𝑋)                                                                                             (8) 

σ∗
2(𝒙) =  𝑘∗ −  𝑘𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒 ∗ [𝐾]−1 ∗ 𝑘                                                                                     (9) 

After building the posterior distribution by given data points. BO algorithm then 

uses an acquisition function to determine at which point to be evaluated. One of the 

advantages of BO is that acquisition function can balance the global search between the 

aggressive exploitation for better solution and the exploration for uncertainty. This 

mechanism successfully reduces the possibility of stuck into the local optima. In this 

paper, we will use Expected Improvement (EI) to determine the next inquiry point. EI 

was initially introduced by Mockus et al. (1978) and extended by Jones et al. (1998). The 

point at which EI is the maximum is evaluated in the simulation for the true objective 

function value. This point with its function value is added to the current data set. BO uses 

the updated data set to revise the response surface again by using Gaussian Process 

iteratively. 

Numerical Test 

Analytical Testing Bed 

Sioux Falls Network (Figure 3), which has been used often in the literature as a 

benchmark continuous network design problem (Bar-Gera, 2016; LeBlanc et al., 1975) 

was selected as testing traffic assignment network for this research. The Sioux Falls 
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Network has been widely used for network equilibrium traffic assignment problem. It has 

ground truth OD demand and well validated equilibrium link flows, which make this 

testing network is good for code debugging. The testing network consists of 76 links, 24 

centroids and 360,600 trips. This network was digitized in MATLAB. The computation 

time for evaluating the single objective user equilibrium function for Sioux Falls Network 

is much shorter than the computation times required for simulation models. Furthermore, 

the output of this test network is deterministic which makes the model fully tractable. 

Most importantly, we used this test traffic assignment network over simulation model or 

a DTA model in this research because a theoretical and tractable solution is needed as a 

benchmark within feasible computational time budget. Traffic signals were not taken into 

consideration for the same reason. Thus, we will have a better understanding of the 

performance of the proposed framework and Surrogate Models. With that knowledge as 

confidence, in Chapter Four and Chapter Five, we will be applying the proposed 

optimization model on a simulation model which is more capable of capturing real world 

traffic dynamics.  

BPR function was used to represent link travel time of each link as a function of 

free-flow time and volume-to-capacity ratio. Frank-Wolfe decomposition of the UE 

assignment problem was implemented to derive optimal solution for the given demand 

conditions. The assigned link flows and optimal objective function value under UE that 

resulted from the MATLAB implementation of Frank-Wolfe algorithm were compared to 

the results from the benchmark implementation of the Sioux Falls Network in prior 

studies. The relative errors of assigned volumes on all 76 links are below 1% and the 
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optimal objective function value from the modeled network is 42.338816012 compared to 

the objective function value (42.31335287107) for the benchmark implementation. Thus, 

the Sioux Falls analytical network was deemed to be capable of being the test bed for this 

research.  

 

 

 
Figure 3. Sioux Falls Traffic Assignment Network. 
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It was assumed the links that are marked in red are freeway segments where have 

several on-ramp links (marked in yellow numbers) connected with the rest of the 

network. It should be noted that the links highlighted in red are not freeway links in the 

real Sioux Falls network. Likewise, we also ignore the real world network features 

because this test bed is purely hypothetical in nature. An incident was hypothetically 

installed on link 28 with half capacity reduction. Given the occurrence of an incident, 

multiple traffic operation strategies would be activated as incident responses to efficiently 

operate the traffic and reduce the total travel time for the entire network. We tested ramp 

metering and use of shoulder lane as two incident response strategies. Six ramp meters 

were installed on the adjacent links (Link 9, 15, 32, 41, 48 and 57) around incident link. 

The activation of ramp meters will add up a certain amount of headway (minuet) to the 

free flow travel time of the ramp link, and therefore dis-attract traffic flow flushing into 

the freeway link and therefore redirect traffic using other routes. The input of each ramp 

metering is from 0 minuet to 0.5 minuet. Furthermore, we installed a shoulder lane on 

Link46 (marked in green), which is located at the downstream link of incident location. 

The shoulder-lane will then be decided to open one lane as to 0.25 capacity increasing, or 

stay close as to 0 capacity increasing. The ramp meters and shoulder lane will then be 

working simultaneously to response the incident. A huge number of possible incident 

response strategy combinations will then be generated when 6 ramp-metering and 1 

shoulder lane work cooperatively at the same time. Surrogate Models were then 

employed to determine optimal inputs for combination of these incident response actions. 
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The Surrogate Models output the minimum total network travel time, or the most 

improved one toward the theoretical optimal benchmark.  

To start with a well-designed numerical test, the observed data points for training 

need to be uniformly sampled from the input-searching domain. In this study, we used 

Latin Hypercube Sampling (LHS) to generate training data points. LHS is a random 

sampling method for multi-dimensional input variables, and also a space-filling 

experimental design that uniformly draws sample data points from an equally stratified 

multi-dimensional search space without overlapping samples (McKay et al., 1979).  The 

model has 6+1 input variables that are based on LHS, and 70 observation data points 

were sampled as the initial design (Jones et al., 1998). To investigate the performance of 

the Surrogate Models, this research then used LHS to generate data points with sample 

size 100, 150, 200, 250 and 300. All the proposed Surrogate Models were programmed in 

MATLAB. 

Numerical Results Analysis 

Due to the complex nature of the bi-level traffic assignment problem as discussed 

in the previous section, an exhaustive search was conducted to identify the theoretical 

benchmark traffic operation combination under incident condition. The test bed provides 

effective computation time for a single objective function evaluation of each incident 

response input combination. Since we have 7 decision variables, input for the six ramp 

metering scenarios are from 0~0.5 minute with an interval of 0.08 minute, and input for 

shoulder lane capacity increasing is either 1 or 1.25. We believe that the input of ramp 

metering with a 0.08 minute input resolution would give us a close enough approximation 
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toward the true global optima. The objective function value would not jump too much 

within 0.08 minute interval because the BPR function has the nature of smooth curve. 

Thus, 232,598 different input combinations were evaluated on the test network and 

outputted total travel time for each input combination. These 232,598 data points were 

also used as testing data points to evaluate the surface fitting performance of the proposed 

Surrogate Models. The performance of the three proposed Surrogate Models were 

compared to their Root Mean Squared Errors (RMSEs) under different size of training 

data. RMSE is a very commonly used measurement for numerical validation of 

predictions via-a-vis true observations. The expression of RMSE can be written as 

Equation (10).  

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑ (𝐹(𝒙𝑖) − 𝑓(𝒙𝑖))2𝑛

𝑖=1                                                                               (10)   

Where n is number of observed data points, 𝐹(𝒙) is the observed data points, 𝑓(𝒙) is the 

model predictions. Figure 4 shows that BO and QPR both have much smaller RMSEs 

than RBF, which indicates that both models have good performance on surface fitting. 

RMSE of RBF is good and it keeps improving as the sample size increasing.  
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Figure 4. RMSE Comparisons. 
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obtained the improved optimal solution as sample size increasing. Furthermore, BO has 

superior performance on exploring better solution than the other two algorithms. This is 

because BO has the mechanism that EI offers, which explores the locations with larger 

uncertainty in predicting points not visited yet. BO performs the best when sample size is 

200 or larger as indicated in Table 1. Based on the exhausted search, the minimum 

network total travel time identified is 8.1600E+06 minutes with an incident response 

strategy that is ramp metering setting up for 30,20,30,25,20 and 0 seconds for ramp 

metered Link 9, 15, 32, 41, 48 and 57, and 1 shoulder lane opening. The optimal solution 

BO searched are 8.1596E+06 mins, 8.1600E+06 mins and 8.1599E+06 mins with 

training data size 200, 250 and 300. The optimal solutions that BO obtains with sample 

size 200 and 300 are improved compare to the exhausted search. The incident response 

strategy that BO obtained with sample size 200 is ramp metering setting up for 0, 29.6, 

29.6, 29.6, 30 and 29.7 seconds for ramp metered Link 9, 15, 32, 41, 48 and 57, and 1 

shoulder lane opening. The incident response strategy that Bayesian Optimization obtains 

with sample size 300 is ramp metering setting up for 30, 20, 29, 24.9, 20 and 0 seconds 

for ramp metered Link 9, 15, 32, 41, 48 and 57, and 1 shoulder lane opening. As Figure 5 

indicates, RBF has significantly improved when sample size is large. QPR model has the 

worst capability on optimal solution searching.  
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Figure 5. Optima Searching Performance 

 

Table 1. Optimal Search Performance 
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As Figure 6 shows, computation time for each Surrogate Models performed 

differently. QPR has a very time efficient computation performance. The superior 

performance of BO on optimal solution searching is traded off by the long computation 
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time. That is because BO needs to calculate an N*N covariance matrix for predicting 

posterior distribution. The computation time would increase when we use large sample 

size for training surface. Also, computational time of BO with a sample size of 70 is 

higher than the requirement for sample sizes of 100 and 150 mainly because the model 

needs more iterations for interpolation when the response surface is sketchy. However, 

computation time of BO has greatly improved compare to the computation time of 

exhausted search, which is 188,238.4 seconds by more than 80%. RBF also requires large 

matrix calculation while approximating the response surface. Figure 7 shows a 

comprehensive performance comparison of all the proposed Surrogate Models. Among 

all the models, BO yields the best performance yet with relatively high computation time. 

We consider the great computation time of BO is a good trade-off for obtaining the most 

improved solutions within several hours.  It is always good to get a better solution rather 

than blindly searching where limitless possible input scenarios are always impossible to 

be evaluated under limit time budget even on an analytical network model. It would be a 

huge computation advantage if we look for the optimal traffic operation solution on the 

realistic simulation roadway network. RBF has moderate performance on both optimal 

solution finding and computational efficiency. QPR model shows poor optimal solution 

searching yet very quick computation time. This trait can be valuable when a short-term 

performance is needed for incident response management.  
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Figure 6. Computation Time Comparison 

 

 

 
Figure 7. Comprehensive Performance Comparison 
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Conclusions 

Traffic incidents are the most frequent contributors to traffic congestion. Using all 

traffic operation tools effectively in response to traffic incidents becomes critical for 

mitigating traffic congestion and is beneficial to the urban transportation systems. This 

research addressed the optimization response strategy problem that has no explicit 

objective function and derivative information. In this paper, a framework that integrates 

the analytical traffic assignment model and Simulation Based Optimization methods was 

developed to identify the optimal traffic operation strategy combinations under incident 

condition. Based on the numerical tests on an analytical network, QPR model has weak 

performance on optimal solution searching. However, the computational efficiency of 

QPR model has outperformed other Surrogate Models. This finding can be valuable when 

a short-term performance is needed for incident response management. RBF has average 

capability on identifying improved solution when sample size gets larger. BO has the best 

capability on searching the most improved solutions yet needs to trade off some 

computation time. BO required more computing time, but is much more superior in 

finding the optimal solution. In our example, it even outperformed the exhaustive search 

on a discrete grid that used significant longer computing time. It offers huge benefits 

since it is impractical to search every possible input for a high-dimensional domain in the 

real world.  

For the future research, the proposed Surrogate Models will be applied on a larger 

scale microscopic simulation network, which has untraceable underlying structural 

information and expensive computational burden. The microscopic simulation model will 
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capture the traffic dynamics and vehicle behavior more realistic and offers even more 

traffic operation options for incident response. Surrogate Models that search for the most 

improved incident response strategy in a reasonable time duration for a microscopic 

model would be considerably beneficial for the incident response management. 
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CHAPTER FOUR IDENTIFYING OPTIMAL TRAFFIC OPERATION 

STRATEGY ON A LARGE-SCALE SIMULATION NETWORK  

Introduction 

 Chapter Three showed that it was feasible to use the simulation-based 

optimization framework to efficiently identify the optimal control strategies that 

minimize the system total travel time. This framework improves the computing efficiency 

by exploring the shape of the system response surface as a function of control strategies 

and reducing the number of trials through a guided process. In real world, the system 

performance as a function of control strategies is usually highly non-linear due to 

complex system dynamics. Large-scale traffic simulation model can capture the complex 

traffic dynamics and help predict the system performance, as shown in many existing 

traffic simulation studies. In this study, we will replace the analytical model which used 

in Chapter Three with a large-scale time-dependent traffic simulation model, and 

investigate the performance of the proposed method in real-world problems. The 

implementation of the traffic operation controls in a time-dependent network at multiple 

location will lead to a high dimension problem. Therefore, in this chapter, we will 

introduce a sequential approach as an extension of the proposed optimization framework 

to maintain the scalability of the proposed framework, which will reduce the searching 

space in the temporal dimension. 
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The next section briefly reviews previous research efforts on improving traffic 

operations using simulation models. The proposed optimization framework will then be 

presented. The proposed method will be demonstrated through a case study on a regional 

network in Northern Virginia. This case study will show how the proposed framework 

gradually constructs the response surface of various combinations of traffic operation 

strategies, while at the same time guides the search for optimal solutions. Two other 

commonly used SBO methods, Quadratic Polynomial Regression (QPR) and Radial 

Basis Function (RBF) will also be tested and compared with the proposed Bayesian 

Optimization (BO) model. Although the proposed framework is applied for incident 

responses in this study, it could also be applied to investigate optimal traffic operations 

strategies in other cases.  

Relevant Studies 

To investigate the performance of different traffic operation management tool for 

reducing incident related congestion, traffic simulation models are the most commonly 

and widely adopted approach. Sufficient of previous studies used simulation models to 

evaluate the performance of pre-determined traffic operation strategies under various 

scenarios, many of which are in the context of incident responses (e.g. ramp control, lane 

control, traffic signal) under various scenarios, many of which are in the context of 

incident responses (Hasan, 1999; Pulugurtha, 2002; Ben-Akiva et al., 2003; Zhou, 2008; 

Jiang and Chung, 2014). In some of the early research on real time incident response, 

Southworth et al. (1992) proposed a dynamic traffic assignment (DTA) modeling 

framework for responding mass evacuations in real time. Although many other 
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researchers used various simulation models (macroscopic, mesoscopic, and microscopic) 

to evaluate the effectiveness of a wide range of traffic operation strategies (e.g. shoulder 

lane, ramp metering, variable message sign, toll road, etc.) (Chauhan, 2003; Chu et al., 

2004; Wirtz et al., 2005; Chou and Miller-Hooks, 2011; Papayannoulis et al., 2011; 

Vadde et al., 2012; Dion et al., 2012; Xiong et al., 2015; Xiong et al., 2017; Lee et al., 

2017), most of these efforts were still limited to scenario-based evaluation of a single 

strategy at a time and did not search for the optimal solution, especially in the context of 

combining multiple strategies. The problem becomes intractable because of the large 

number of strategy combinations and the long computing time for simulating a large 

network. 

To find the optimal operation strategies quickly, a clear and well-behaved 

objective function (such as those adopted in analytic models) is needed. However, such 

an objective function is usually unavailable if we want to capture complex traffic 

dynamics through simulation models. Therefore, we need to develop an efficient method 

to estimate the objective function and the optimal solutions simultaneously. Surrogate 

Models (also known as Response Surface Model or Meta-Model), a subcategory under 

SBO, is designed for solving the optimization problem with unknown objective function 

(Fu, 2002; Søndergaard, 2003; Barton and Meckesheimer, 2006; Kleijnen, 2008; Ammeri 

et al., 2010; Amaran et al., 2014 and Xu et al., 2015). These models use system 

performance information from sampling points (i.e. simulation outputs) to approximate 

the statistical structure or response surface that represents the relationship between 

simulation inputs and outputs. Although the applications of SBO method in incident 
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response studies are still preliminary, it has been used in traffic operation related fields. 

SBO approaches were proposed to optimize signal control plans on different roadway 

networks to reduce congestion (PIZANO, 2010; Osorio & Bierlaire, 2013; Osorio & 

Chong, 2015; Chong & Osorio, 2018). He (2014) used different SBO methods to evaluate 

the unknown objective function of a large-scale toll road system and used Genetic 

Algorithm to optimize toll rate. Chen et al. (2014) used kriging method to find the toll 

rate that minimizes the average travel time. Zhang et al. (2014) also applied kriging 

method to investigate the usage of HOT lanes and Dynamic message signs. Pal & Sinha 

(2000) might be the first who applied SBO method in incident response studies. 

However, their study is still limited to a single response strategy. To bridge the gap, this 

research will integrate mesoscopic traffic simulation models with SBO methods to solve 

the optimal incident response strategy problem while still considering the complex traffic 

dynamics on a large network. There are three mainstream Surrogate Models: Quadratic 

Polynomial Regression, Radial Basis Function and Bayesian Optimization models. Please 

refer to Mockus et al. (1978); Jones et al. (1998); Björkman & Holmström (2000); 

Gutmann (2001); Wright (2003); Regis & Shoemaker (2005); and Gelbart (2015) for 

more information. All of these three Surrogate Models will be integrated into the 

optimization framework and tested. 

Methodology 

Integrated Framework 

To mitigate traffic congestion under different incident scenarios, traffic 

management agencies may consider a wide range of strategies. These strategies may 
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include decision variables that are either discrete (e.g. whether to open a managed lane or 

not), or continuous (e.g. optimal rate for ramp meters). Considering these strategies 

simultaneously will lead to a large number of strategy combinations. Implementing these 

strategies will lead to complex traffic dynamics on the network, which makes the system 

performance (e.g. measured through the total travel time) hard to estimate or predict in 

advance. The large number of scenarios and significant computing time even for 

evaluating a single scenario for a large-scale simulation model makes it infeasible to 

exhaustively test all possible scenario combinations, while the complexity of system 

dynamics makes analytical model inapplicable. To address these challenges, this research 

proposes an optimization framework that integrates mesoscopic traffic simulation models 

and simulation-based optimization methods to find the best performing (i.e. minimum 

total travel time) incident response strategies on a large network. The proposed 

framework is shown in Figure 8. 
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Figure 8. Framework of the Incident Response Optimization Model (Adapted from Chapter Three, New 

Components Highlighted in Red) 

 

The objective of the optimization problem in this study can be generally 

formulated as Equation (11). It minimizes total travel time by finding the optimal traffic 

operation strategies.  
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Where x is multi-dimensional decision variables representing traffic operation strategies 

(e.g. ramp metering rate, opening of shoulder lanes, variable message signs, etc.), m is the 

mth active traffic operation strategy among the total number of d strategies to be 

considered. In practice, the decision-making period is usually discretized. For example, 

the metering rate or VMS will only be changed once every 15 minutes. Therefore, t 

represents the index of time interval within the study period. T is the total number of 

intervals that were divided in the optimization process. 𝐹(𝑥𝑚
𝑡 ) represents the value of 

targeted performance measure (e.g. Total Travel Time) at time period t given an incident 

scenario O and a series of traffic operation strategies. Because of the complexity in traffic 

system dynamics, the objective function can only be evaluated through simulation 

models. Limited by computing resources, researchers can only evaluate the performance 

of a certain number of scenarios. Therefore, an algorithm is needed to help researchers to 

estimate the shape of the objective function (or the response surface) and identify the 

minimum with limited information. One significant advantage of the proposed 

framework based on simulation-based optimization methods is that it provides guidance 

on the best testing scenario and help researchers efficiently identify the optimal point 

through an iterative process. 

To start the optimization process, we first use Latin Hypercube Sampling (LHS) 

method to generate training data points and store them into data set Ф. Each data point 

represents one scenario based on execution of the simulation model. LHS is a random 

sampling method for multi-dimensional input variables. It is a space-filling experimental 
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design that uniformly draws sample data points from an equally stratified multi-

dimensional search space without overlapping samples (McKay et al., 1979).  

For a given data set Ф, 

 {(𝑋1
𝑡 F(𝑋1

𝑡)), (𝑋2
𝑡 , F(𝑋2

𝑡)), (𝑋3
𝑡 , F(𝑋3

𝑡)),…… (𝑋i
𝑡 , F(𝑋i

𝑡))} ϵ Ф,                          (12) 

Where, 

 𝑋i
𝑡 is a multi-dimensional decision vector representing all operation strategies 

at optimization time interval t. 

 F(𝑋i
𝑡) is the value of the performance measure (e.g. Total Travel Time) under 

operation strategy 𝑋i
𝑡 , i is the index of ith strategy tested through the 

simulation model. 

 The sampled data will then be used to build the response surface of the objective 

function to various operation strategies using a BO Algorithm. In each iteration, the 

algorithm will generate an optimal solution based on current estimation of the response 

surface. This strategy will be tested in the simulation model and its true performance will 

be evaluated. The true performance may be different from the estimated performance, 

and will help researchers to better estimate the response surface in the next iteration. The 

tested strategy and the simulated performance value will become a new data point added 

to the existing data set Ф. This iterative process will continue until an optimum that 

satisfies a pre-determined criteria is found. 

Depending on the chosen temporal resolution (duration of each decision period), 

the number of decision variables could increase rapidly. To further reduce the dimension 

of decision variables, we divided the entire time periods into a few sub-time intervals and 
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consider all time periods in an iterative process. We will fix the optimal strategies that 

have been identified for all previous time periods and consider strategies for time interval 

t+1. Therefore, the proposed sequential optimization framework has a double loop 

structure. Inner loop searches for the best traffic operation strategies at time interval t. 

The outer loop will search for the optimal strategy for each time period sequentially and 

the algorithm will go back to t=1 after reaching the last time period. In each iteration of 

the optimization process, a SBO method is used to 1) estimate the response surface based 

on current knowledge of the simulated system and 2) identify the optimal strategy based 

on the current response surface. In this study, Bayesian Optimization (BO) algorithm is 

adopted for the SBO step because it provides a mechanism to balance the consideration 

of best solution under current response surface (based on the mean of the objective 

function) and the uncertainty within the optimization procedure (its distribution) 

(Rasmussen & Williams, 2006; Gelbart, 2015). One advantage of the BO method 

compared to other SBO methods is that BO uses acquisition function to balance 

exploration and exploitation. This mechanism could reduce the possibility of stuck in 

local optima and output the most promising trial point to test in the next iteration. In this 

paper, we will use Expected Improvement (EI) method to determine the next trial point 

(Mockus et al., 1978; Jones et al., 1998). The EI method selects the point that would 

maximize the expected improvement of the objective function as the testing point for the 

next iteration instead of the point that maximize the improvement over the mean of the 

objective function. Although other algorithms could also be used, this study uses the 

simulated annealing algorithm to search the maximum of EI.  The proposed framework 
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will run the simulation model using the strategy that maximizes the EI of the objective 

function, and repeat the same process until the stopping criteria is met. 

As a comparison, this study will also implement two alternative SBO algorithms, 

Quadratic Polynomial Regression (QPR) and Radial Basis Function (RBF), in the 

proposed framework. This comparison would show pros and concerns of different SBO 

algorithms and provide additional guidance on algorithm selection to researchers and 

practitioners. QPR estimates the unknown surface using regression methods. RBF uses 

the weighted summation of a series of basis functions (e.g. Gaussian Basis Function) to 

approximate a model (or a surface) that fits the observed data. In this way, RBF turns 

nonlinear problems into a linear combination of basis functions with weighting 

parameters, which makes it popular in solving optimization problems that are highly 

nonlinear and with high-dimensional decision variables. The weighting parameters in 

RBF can be estimated using either least squared method or maximum likelihood 

estimation method. 

Experimental Performance of Integrated Model 

Simulation Model 

In this section, we investigated the performance of the proposed optimization 

framework on a large network in Northern Virginia. The network was developed in a 

DTALite, a mesoscopic simulation model (Lu et al., 2013). The study area is shown in 

Figure 9. 
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Figure 9. Study Area in Northern Virginia 

 

The simulation network includes all freeways, and major and minor arterials in 

the study area, which are shown in Figure 10. It includes 1,937 links, 794 nodes, 189 

traffic analysis zones (TAZs). This study focuses on afternoon peak hours from 16:00-

19:00 for simplicity, although it could be extended to other periods using the same 

method. The initial OD for the study period was estimated from the Metropolitan 

Washington Council of Government (MWCOG) planning model through sub-area 

analysis, while additional estimation and calibration efforts were conducted to sub-divide 

the peak period OD tables into more detailed OD matrices. 
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Figure 10. Simulation Network in DTALite 

 

Model Calibration and Validation 

The main goal for calibration and validation step is to replicate the observed 

traffic flow rate and corridor travel time as close as possible. In this study, speed is also 

considered to make calibration more reliable. The field traffic flow counts data and speed 

data were obtained from the VDOT Performance Measurement System (PeMS). Traffic 

data of all weekdays in May of 2015 was selected for calibration because the data quality 

from most sensors within the study area was good during this period.  The locations of 

traffic count and speed detectors of observed traffic data from PeMS were marked in the 

green boxes and pink dots respectively in Figure 10. There are totally 47 traffic counts 

and 42 speed sensors in the study area. We used 15-minute time intervals as the temporal 

resolution, which leads to 540 average traffic volume and 480 speed observations for a 

period between 16:00 and 19:00. The static OD matrix estimated from MWCOG 
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planning model was also divided into a series of 12 time-dependent OD matrices based 

on the aggregated percentage of traffic observed during each 15-minute period over the 

entire study period. A dynamic OD estimation process was then conducted to estimate the 

12 OD matrices in order to match the traffic volumes and average speeds observed during 

the each period at all locations with sensors. This process was developed in previous 

studies focusing on the same metropolitan areas (Xiong et al., 2015; Zhang et al., 2013). 

The main idea is to identify the OD pairs that use links with sensors and adjust the time-

dependent OD demands based on the gap between the observed traffic flows and 

simulated OD flows, the path flow patterns, and the time it takes for demands from a 

particular OD to arrive at the link with sensors. More information on dynamic OD 

estimation process can be found in Xiong et al. (2015) and Zhang et al. (2013).   

 presents the calibration results and compares the observed traffic flow and speed 

with the simulated volume counts and speed. The calibration results show that the Mean 

Absolute Error (MAE) for traffic counts and speed are 50.5 vehicles and 3.2 miles/hour, 

respectively. Relative Root Mean Square Error (RRMSE) for traffic counts and speed are 

11% and 9.1% respectively. Mean Absolute Percentage Error (MAPE) is 9.56% and 

9.39%, while Weighted Mean Squared Error (WMSE) is 10% and 8.6% for volume and 

speed, respectively. These calibration results are within the range of accuracy achieved in 

previous studies for a large-scale mesoscopic simulation model. 

We also conducted an additional model validation by comparing the corridor 

travel time along I-66 westbound collected with probe cars with simulated travel time. 

Since this study focuses on afternoon peak hour, I-66 westbound is the direction of major 
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congestion. The probe car travel time data was collected by driving from the east end to 

west end of I-66 within the study area. Ten days of probe car travel time data were 

collected for each 15-minute time interval. Figure 12 compares the average corridor 

travel time measured using probe cars and the simulated corridor travel time after model 

calibration. 

 

 
Figure 11.Comparison between Observed and Estimated Link Counts and Speed 
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Figure 12. Observed vs. Estimated Corridor Travel Time on I-66WB 

 

Integrated Optimization Model 

This section demonstrates the proposed optimization framework that integrates 

the simulation model with SBO algorithms through a case study based on the calibrated 

model for the study area. As Figure 10 shows, an incident closes one General Purpose 

lane on I-66WB at 16:30. To mitigate the non-recurrent congestion, we consider 

strategies that include opening of a shoulder lane at the incident location and the freeway 

segment immediately downstream of the incident location, and 2 ramp meters at on-

ramps upstream of the incident location. Shoulder lane will increase the capacity around 

incident location where the capacity drops due to incident. Ramp meters control the 

traffic flows entering freeway segment to further control the demand. The decision 

variables for should lanes are discrete, while the ones for ramp meters could be 
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continuous. Both decisions include a series of decision variables for all periods following 

the incident. These combinations (multiple type of strategies, locations, and time periods) 

lead to a large number of possible scenarios, and complex interactions with traffic 

dynamics. An efficient algorithm to identify the optimal solution among these scenarios 

is needed, but has not been well studied in the literature. Previous studies on ramp meter 

algorithms rely on reading of local traffic volumes and focus on maintaining smooth 

operation of local freeway traffic flows. Thus, these algorithms do not address challenges 

we have in the current study.  

Since we choose 15 minutes as the time resolution for OD matrices, we also 

assume the metering rate for ramp meters will only be adjusted once every 15 minutes for 

consistency. However, this choice is not a constraint and can be changed without loss of 

generality. We consider the adoption of response strategies after the incident occurred at 

16:30. Therefore, there are totally 10 decision variables for ramp metering 1 and another 

10 for ramp metering 2, one for each 15-minute period during the remaining of the 

simulation period. A dummy variable will represent the decision of whether or not to 

open the shoulder lane each of the two locations and for each time period. Therefore, 

there are totally 20 continuous and 20 0/1 decision variables to be determined. Therefore, 

we first uniformly sample 40*10=400 sample points (Jones et al., 1998) within the 

searching region using LHS to start the optimization process. The optimization process is 

time-consuming. To further reduce the searching space and improve the efficiency of the 

algorithm, we further divide the decision variables in three groups based on chronicle 

order. The proposed algorithm first optimizes the decision variables from 16:00-17:00 as 
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t=1 while fixing the rest of decision variables using default inputs. Then decision 

variables from 17:00-18:00 as t=2 are optimized while taking the optimized decision 

variables from 16:00-17:00 as fixed inputs. Finally, we optimized variables from 18:00-

19:00 as t=3 while holding the decision variables from the two previous time intervals. 

The algorithm will revisit variables in the first period and repeats the process. The 

stopping criteria is reached after 12 iterations. The optimal traffic operation strategies 

include the opening shoulder lanes at both locations for all periods and a metering rate of 

[42,25,33,74,75,78,64,5,7,5] and [80,83,54,36,23,48,93,5,7,5] for ramp 1 and ramp 2 

respectively. The number here represents the corresponding capacity reduction rate at 

each metering location and for the corresponding time period. The optimal network total 

travel time (𝑋) =  4.28666514037 ∗ 106 minutes.  

The value of objective function (system total travel time) at each iteration is 

shown in Figure 13(a). It clearly shows that the optimization system based on BO 

algorithm converges after 9 iterations and the total travel time of the entire system 

becomes flat. We also compared the performance of the BO algorithm with two other 

commonly used SBO methods by integrating them in the proposed framework and 

conducting the test using the same set of sample data points. The comparison result is 

shown in Figure 13(b). The QPR and RPF algorithms converged with much fewer 

number of iterations, but they could not reduce the total travel time as much as the BO -

based algorithm did. A tradeoff has to be made between better accuracy and longer 

computing time. Figure 14 compares the computational time of the integrated models 

with different SBO algorithms. 
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Figure 13. Convergence of System Travel Time 

 

 
Figure 14. Computing Time Comparison of the Three SBO Algorithms 

 

System Performance 

Table 2 compares the system-wide performance between different scenarios: with 

the incident but no actions, activating the shoulder lanes only, and activating both 

(a) (b)
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shoulder lanes and ramp meters following the control strategies optimized using the three 

different algorithms. As a comparison, we also report the total travel time under the 

scenario with neither accidents nor controls to show the relative magnitude of 

improvements under different scenarios. 

The incident closed one lane on I-66WB. Therefore, if we open the shoulder lane 

immediately at the affected freeway segment, we restored the capacity and the overall 

performance of the system is similar to the scenarios with no accidents and no controls. 

However, if we combine the extra capacity provided by the shoulder lane with demand 

control strategies implemented through ramp meters, the system would perform much 

better. The system travel time savings could be improved by 80% more (1.7% vs 0.94% 

travel time savings when compared to the incident only scenario) when meter controls 

were introduced. 

Similar to what Figure 13 shows, the optimization framework based on the three 

different simulation-based optimization algorithms provide similar performance in 

improving the total travel time. But the difference is still observable, with BO method 

outperforming the RBF and QPR methods. 

 

Table 2. Comparison of System-wide Total Travel Time under Different Scenarios 

Scenario Name TotalTravelTime (*106 

min) 

TotalTravelTime 

Saved (*106 min) 

%Improvement 

No Incident 4.32127832 -0.037922698 -0.9% 

Incident 4.359201018 N/A N/A 

BO 4.28666514037 0.072535878 1.7% 

RBF 4.288095309 0.071105709 1.63% 

QPR 4.291394 0.067807 1.56% 

Incident+SLOnly 4.31832854 0.040872479 0.94% 
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Table 3 first compares the performance of the ramp meter control strategy that 

was optimized under the same framework, but in a scenario with no incident and no 

shoulder lane operation. The metering rate is still adjusted every 15 minutes. The results 

show that we can still reduce the system-wide total travel time by activating the ramp 

meter system even without an incident. However, the magnitude of improvements is 

smaller when compared to the scenarios with incident. Therefore, the additional benefits 

for introducing the demand control through ramp meters are more significant when 

incidents occur and the system becomes more congested. And it works better when 

activated in coordination with other control strategies such as shoulder lanes. 

 

Table 3. Performance of Ramp Meter System under No-Incident Scenario  

Scenario Name TotalTravelTime 

(*106min) 

TotalTravelTime 

Saved (*106min) 

%Improvement 

No Incident 4.32127832 N/A N/A 

No Incident + Ramp 

Meters Only 

4.290510771 0.030767549 0.71% 

 

In addition to the system wide performance, we also compare the corridor 

performance using the speed contour to visualize the impact of different control 

strategies. Figure 15a shows the congestion pattern when an incident occurs at 16:30pm. 

All freeway segments on I-66WB upstream of the incident location are very congested 

(the color shows average speed). Figure 15b and Figure 15c show the congestion patterns 

when the shoulder lane is activated alone, and when both shoulder lanes and ramp meters 
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are activated and operated according to the optimal strategies identified through the 

proposed framework. The congestion on freeway segments upstream of the incident 

location is clearly improved in both scenarios, and the improvements under the scenario 

with both strategies implemented are more significant. Because strategies implemented in 

Figure 15b and Figure 15c improved the traffic flow and throughput at the incident 

location, the segments downstream become slightly more congested. Therefore, these 

figures need to be combined with system-wide performance analysis as shown in Table 2 

to provide a comprehensive evaluation of the performance of different strategies. In both 

cases, the advantage of the proposed optimization framework is clearly illustrated. 

As more large-scale traffic simulation models are introduced in practice to 

analyze the transportation system performance in practice, it is important to develop tools 

that could be integrated with such models to improve traffic operations and management 

effectively. The long computing time associated with such models (even with mesoscopic 

ones) is always a challenge. The optimization framework developed in this study could 

be applied to improve operation strategies outside to incident response field. To illustrate, 

Figure 15d and Figure 15e compare the corridor congestion patterns without incident, but 

with ramp meters activated. The improvement is also clearly visible in this scenario. The 

proposed framework could be further extended to consider other operation strategies, 

such as VMS and road pricing. Future research will address those questions. 
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Figure 15. Corridor Travel Speed Heat-map under Different Incident and Control Scenarios 

 

Conclusions 

Traffic incidents are major contributors to traffic congestion in urban areas. 

Traffic operators and management agencies could mitigate the non-recurrent congestion 

using a wide range of tools and strategies. These strategies could act in synergy or 
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counter-productively. It is important to quickly evaluate them and identify the best 

response strategies. However, given the number of potential strategies, the possible 

choices of control parameters (discrete and continuous), the temporal resolution, and 

multiple control locations, the number of scenarios to be considered will increase 

exponentially. Traffic simulation model could better capture complex traffic dynamics 

compared to the analytical traffic flow models, but the long-computing time combined 

with the large number of possible scenarios prevent it from widely applied in incident 

response strategy optimization studies. This study proposed an optimization framework 

by integrating a mesoscopic traffic simulation model with simulation-based optimization 

algorithms to address these challenges. 

The application in a case study on a large network in Northern Virginia area 

demonstrates that the proposed framework could effectively reduce the dimension of the 

searching space and identify the best operation strategies within reasonable time. The 

case study shows that the Bayesian Optimization-based system outperforms the 

framework based on Radial Basis Function and Quadratic Polynomial Regression 

methods in improving the objective function, with slightly longer computing time. Both 

analyses based on corridor speed contours and system total travel time show that the 

optimized operation strategies could effectively mitigate traffic congestion during the 

incident. This research considers the metering rate of a ramp meter system in the context 

of a regional network, which significantly differs from previous studies that focused 

exclusively on local traffic patterns. This study provides a new perspective for traffic 

operators and management agencies. 
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The proposed framework is flexible to deal with both discrete and continuous 

control variables. The proposed sequential method could effectively reduce the search 

space in the temporal dimension, and the case study demonstrates that it is effective in 

application. The optimization framework developed in this study could be extended to 

consider other control strategies such as VMS and road pricing. 

Current study only considered fixed, but time-dependent OD matrices. Previous 

studies by the authors Xiong et al. (2015) and Zhang et al. (2013) have considered 

integrating traffic simulation models with agent-based demand models to consider other 

travel choice dimensions such as the adjustment of departure time. Therefore, the 

proposed optimization framework could be extended to consider the elastic time-

dependent travel demand, which could be important when strategies such as dynamic 

road pricing are considered. The optimization framework developed in the current study 

provides an important tool to address these future research needs. 
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CHAPTER FIVE OPTIMIZATION OF MULTIVARIATE TRAFFIC 

OPERATION STRATEGY 

Introduction 

Chapter Three demonstrated the feasibility of the proposed framework on a small 

analytical network, while Chapter Four extended the proposed optimization framework to 

consider optimal traffic operation strategies on a large scale time-dependent simulation 

network. Two control strategies (ramp meters and shoulder lanes) were considered and 

neither of them involved complex behavioral reactions to control strategies. In contrast, 

strategies such as Variable Message Signs (VMS) may cause more complicated 

behavioral reactions. For example, when travelers see VMS, some of them may change 

routes. Although we may monitor the rerouting rate by observing the portion of traffic 

that exits the freeway after seeing the VMS, there is no empirical studies in the literature 

to show who will and who will not switch route. And if they do switch routes, it is still a 

question which alternative route each driver exit the freeway as a result of VMS will take. 

A reasonable assumption could be that these travelers will take the shortest path (either 

travel time or broadly defined if more data become available) from the freeway exits to 

their final destination. Without further information, we may also assume that all potential 

users of the freeway segment affected by the incident are equally likely to respond to 

VMS and switch routes. In this chapter, we will explore the performance of the proposed 

simulation-based optimization framework in addressing more complicated control 



73 

 

strategies such as VMS. As the first attempt in this direction, we will first adopt the 

assumptions presented above, while adopting more complicated behavioral assumptions 

in the future when more empirical data become available. 

Methodology 

Integrated Framework 

This chapter will apply the same integrated optimization framework which was 

presented in Chapter Three by substituting the analytical assignment model with the 

mesoscopic traffic simulation model that was used in Chapter Four. This chapter will 

introduce more traffic operation controls into the simulation model and use the 

optimization framework to explore the optimal the best performing (i.e. minimum total 

travel time) incident response strategies on a large network when multiple traffic 

operation controls (Shoulder Lane, Ramp Meter, VMS) work together. The optimization 

framework for this chapter is shown in Figure 16. 
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Figure 16. Framework of the Incident Response Optimization Model (Adapted from Chapter Four, New 

Components Highlighted in Red). 

 

The objective of the optimization problem in this study can also be generally 

formulated as Equation (12). We first use Latin Hypercube Sampling (LHS) method to 

generate training data points and store them into data set Ф to start off the optimization 

procedure. Each data point represents a single traffic operation strategy design and its 

corresponding true function evaluation value that output by running the simulation 

model. LHS is a random sampling method that uniformly draws sample data points from 
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an equally stratified multi-dimensional search space without overlapping samples 

(McKay et al., 1979).  

For a given data set Ф, 

{(𝑋1
𝑇, F(𝑋1

𝑇)), (𝑋2
𝑇 , F(𝑋2

𝑇)), (𝑋3
𝑇 , F(𝑋3

𝑇)),…… (𝑋i
𝑇 , F(𝑋i

𝑇))} ϵ Ф,                   (13) 

Where, 

𝑋i
𝑇 represents a multi-dimensional decision vector of all operation strategies    

within study period T. 

 F(𝑋i
𝑇) is the value of the performance evaluation value (e.g. Total Travel Time) 

under traffic operation strategy 𝑋i
𝑇, i is the index of ith traffic operation 

combinational strategy evaluated by running the simulation model.  

BO Algorithm will then approximate the posterior distribution of the unknown 

objective function by using the sampled data. In each iteration, the approximated 

objective function will be optimized by using the embedded simulated annealing method. 

The optimal solution at current iteration is the most promising strategy for next 

simulation evaluation. Hence, this optimal solution will then be tested in the simulation 

and its true performance will be evaluated. The true performance may be different from 

the estimated performance, and will help researchers to better estimate the response 

surface in the next iteration by interpolating this tested strategy and the simulated 

performance value into the existing data set Ф as a new data point. This iterative process 

will continue until: 1) the number of iterations reaches the maximum number of 

iterations𝑵𝒎𝒂𝒙, or 2) the improvement at the current iteration is less than a predetermined 

stopping criterion ∅. 
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Design of Experiment 

In this section, we applied the proposed optimization framework on the same 

study area as we did in Chapter Four. The study area and simulation network that 

developed for this section is shown in Figure 9. The simulation network used in this 

section is also based on the current simulation network that we showed in the Chapter 

Four.  

 

 
Figure 17. Simulation Network in DTALite with Multiple Traffic Operation Controls 

 

This section demonstrates the proposed optimization framework that integrates 

the simulation model with BO algorithm through a case study based on the calibrated 

model for the study area. As Figure 17 shows, an incident closes one general purpose 

lane on I-66WB at 16:30. To mitigate this non-recurrent congestion, we consider 
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strategies that include opening of a shoulder lane at the incident location and the freeway 

segment immediately downstream of the incident location, 2 ramp meters at on-ramps 

upstream of the incident location, and 1 Variable Message Sign (VMS) at the middle of 2 

ramp meters. Shoulder lane will increase the capacity around incident location where the 

capacity drops due to incident. Ramp meters control the traffic flows entering freeway 

segment to further control the demand. VMS indicates the downstream traffic condition 

to passing-by drivers and potentially makes some percentage of the drivers to detour. The 

decision variables for should lanes are discrete, while the ones for ramp meters and VMS 

could be continuous. Both decisions include a series of decision variables for the 

following 30-minute time period following the incident. These combinations (multiple 

type of strategies, locations, and time periods) lead to a large number of possible 

scenarios, and complex interactions with traffic dynamics. An efficient algorithm to 

identify the optimal solution among these scenarios is needed (especially when VMS 

detouring is introduced), but has not been well studied in the literature. Previous studies 

on ramp meter algorithms rely on reading of local traffic volumes and focus on 

analytically maintaining smooth operation of local freeway traffic flows. There are few 

studies focus on optimizing VMS compliance rates. It is challenging to obtain the re-

routing percentage rate that is due to the incident. Let alone when multiple traffic 

operation strategies work cooperatively, it will make the problem even more challenging. 

Thus, this research is looking for a method to address these challenges we have in the 

current study.  
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Since we choose 15 minutes as the time resolution for OD matrices, we also 

assume the metering rate and compliance percentage rate for ramp meters and VMS will 

only be adjusted once every 15 minutes for consistency. However, this choice is not a 

constraint and can be changed without loss of generality. We consider the adoption of 

response strategies after the incident occurred at 16:30. Since we take VMS into the 

consideration, we have to randomly select a portion of the through vehicles that used to 

take incident link to switch to a new path from their original routes. This requires us to 

conduct multiple random selection for a single VMS rate. The same compliance 

percentage rate could be due to different set of vehicles that used to drive through 

incident location. This will be leading to different network performances (e.g. total travel 

time). Therefore, multiple drawn and simulation run are required for each VMS 

compliance percentage rate. This will make our model need more computation time. For 

simplicity, we only active the adoption of response strategies for two consecutive 15 

minute time intervals after the incident occurred at 16:30. We will develop various 

scenarios (e.g. ramp meter only, VMS only, shoulder lane only, ramp meter + VMS, ramp 

meter + VMS + shoulder lane) that apply different set of traffic operation strategies and 

then optimize those scenarios by using the proposed optimization model. We will 

investigate and compare the performance of the proposed optimization model under each 

scenario.  Therefore, there are totally 2 decision variables for ramp metering 1 and 

another 2 for ramp metering 2, one for each 15-minute period during the remaining of the 

simulation period. Since we only implement one VMS in the model, thus there are 2 

decision variables for VMS in the two 15-minute time intervals. A dummy variable will 
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represent the decision of whether or not to open the shoulder lane each of the two 

locations and for each time period. Therefore, there are totally 6 continuous and 4 0/1 

decision variables to be determined. Therefore, for the scenario that activates all adopted 

traffic operation strategies, we uniformly sample (6+4)*10=100 sample points (Jones et 

al., 1998) within the searching region using LHS to start up the optimization process. The 

number of initial sample points to start up the optimization by using LHS is determined 

by the number of active decision variables, the basic properties of different scenarios are 

shown in Table 4. Scenarios that include with VMS will be randomly drawing 20 times 

for a certain VMS percentage rate of detouring vehicles, and therefore we have to run 20 

simulation evaluations for each sample data point.  

 

Table 4. Properties of Different Scenarios for Experimental Design 

Scenario Name Time 

Duration 

Number of 

Decision 

Variables 

Number of 

Starting 

Sample Points 

No Incident N/A N/A N/A 

Incident 16:30-17:00 N/A N/A 

Incident + Ramp Meter 16:30-17:00 4 40 

Incident + VMS 16:30-17:00 2 20 

Incident + Shoulder Lane 16:30-17:00 4 4 

Incident + RampMeter + VMS 16:30-17:00 6 60 

Incident + RampMeter + VMS + 

ShoulerLane 

16:30-17:00 10 100 

 

Integrated Optimization Model 

In this research, we developed 7 different scenarios shown in Table 4. These 

traffic operation strategies will either working individually or cooperatively. The 
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performance on congestion mitigation by these scenarios will be investigated and 

compared with Incident scenario and No Incident scenario. After setting up incident and 

candidate traffic operation strategies in simulation network, we integrated the simulation 

model with BO algorithm following the proposed optimization framework. For scenario 

with ramp meter only, the optimal traffic operation strategy with ramp metering rate of 

[5, 95] and [36, 95] for ramp 1 and ramp 2 respectively. The number here represents the 

corresponding capacity reduction rate at each metering location and for the corresponding 

time period. The optimal network total travel time 𝑓(𝑋) =  4.3338072402 ∗ 106 

minutes. For scenario with VMS works individually, the optimal VMS detouring rate are 

[11%, 9%] which represents the compliance rate that vehicles detour from their original 

route at each time interval. Those vehicles used to drive through incident location and 

decided to switch the paths after seeing the VMS. Scenario with shoulder lane only is 

optimized very efficiently with opening shoulder lanes at both locations for all examined 

periods. The optimal traffic operation strategies include ramp meter and VMS have the 

metering and VMS rate of [5, 95, 9%] and [36, 95, 7%] for ramp 1, ramp 2 and VMS 

respectively. The optimal network total travel time is 𝑓(𝑋) =  4.33057405918 ∗ 106 

minutes. For the scenario that all candidate traffic operation strategies working together, 

the optimal traffic operation strategies include the opening shoulder lanes at both 

locations for all periods and ramp meter, VMS rate of [5, 95, 5%] and [5, 95, 5%] for 

ramp 1, ramp 2 and VMS respectively. The optimal network total travel time is 𝑓(𝑋) =

 4.30374910591 ∗ 106 minutes. 
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The value of objective function (system total travel time) at each iteration is 

shown in Figure 18. It clearly shows that the optimization system based on BO algorithm 

converges and the total travel time of the entire system becomes flat. We can see the all 

traffic operational strategies have improvements on total travel time reduction. VMS has 

the least total travel time reduction and ramp meter works better individually than VMS 

only, shown as the gray line and brown line in Figure 18. Among those scenarios with the 

traffic operation strategy work individually, shoulder lane has the best congestion 

mitigation performance. Scenario with ramp meter and VMS work together has the 

mediocre performance on total travel time reduction. Among all the tested scenarios, it 

clearly shows that the scenario with all traffic operation strategies activated together has 

the best performance on total network travel time reduction, which is shown as green line 

in Figure 18. Since there are three scenarios with VMS implemented, which required us 

to run multiple times for each sample point being evaluated by simulation model. We ran 

20 replications for each training data point during sampling stage. In this study, for the 

new testing data point that optimized by maximized acquisition function within BO 

algorithm, we adopted knowledge-gradient policy (KG policy) as the method to conduct 

the random selection. The common way to conduct KG policy is to keep increasing the 

number of replications by an increment as BO algorithm iterates. We set the initial 

number of replication run is 10, and increment goes by 1 at each BO iteration. The reason 

we adopted KG policy is that this method is guaranteed convergence while remaining 

efficiency when dealing with random selection problems (Frazier et al., 2008). Figure 

19Figure 19 compares the computational time of the integrated models with different 
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scenarios. It indicates that scenarios with VMS will generally take great computing time, 

this is also the reason we choose to apply the traffic operation strategies only on 2 time 

intervals to keep the number of decision variables small. The number of decision 

variables will increase as we apply traffic operation strategies for more time intervals. 

The number of replications required will be increased, which will make the computing 

time increase exponentially.  

 

 

Figure 18. Convergence of System Travel Time 
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Figure 19. Computing Time Comparison 

 

System Performance 

Table 5 compares the system-wide performance between different scenarios: with 

the incident but no actions, activating the ramp meters, VMS and shoulder lanes 

individually, and activating shoulder lanes and ramp meters following the control 

strategies optimized using the proposed optimization model. As a comparison, we also 

report the total travel time under the scenario with neither accidents nor controls to show 

the relative magnitude of improvements under different scenarios. 

The incident closed one lane on I-66WB. Therefore, if we open the shoulder lane 

immediately at the affected freeway segment, we restored the capacity and the overall 

performance of the system is similar to the scenarios with no accidents and no controls. 

However, if we combine the extra capacity provided by the shoulder lane with control 
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strategies implemented through ramp meters and VMS, the system would perform much 

better. The system travel time savings could be improved by more than 41% (1.27% vs 

0.9% travel time savings when compared to the incident only scenario) when meter 

controls were introduced. 

 

Table 5. Comparison of System-wide Total Travel Time under Different Scenarios 

Scenario Name TotalTravelTime 

(*10^6min) 

TotalTravelTime 

Saved (*10^6min) 

%Improvement 

No Incident 4.32127832 -0.037922698 -0.9% 

Incident 4.359201018 N/A N/A 

Incident + Ramp Meter 4.3338072402 0.025393778 0.6% 

Incident + VMS 4.34502013205 0.014180886 0.33% 

Incident + Shoulder Lane 4.31832853951 0.040872478 0.9% 

Incident + RampMeter + 

VMS 

4.33057405918 0.028627 0.7% 

Incident + RampMeter + 

VMS + ShoulerLane 

4.30374910591 0.055451912 1.27% 

 

In addition to the system wide performance, we also compare the corridor 

performance using the speed contour to visualize the impact of different control strategies 

under different examined scenarios from Table 5. Figure 20a shows the congestion 

pattern of I66WB corridor when no incident occurs. Figure 20b shows the congestion 

pattern when an incident occurs at 16:30pm. All freeway segments on I-66WB upstream 

of the incident location are very congested (the color shows average speed). Figure 20c to 

Figure 20e show the congestion patterns when the ramp meter, VMS and shoulder lane is 

activated alone. It indicates that VMS alone improves corridor traffic condition slightly, 

while ramp meter performances better than VMS works individually. Opening shoulder 
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lanes yields the best improvements on corridor traffic congestion among scenarios where 

traffic control strategy operate alone. The improvement in Figure 20e improved the 

traffic flow and throughput at the incident location, the segments downstream become 

slightly more congested. Figure 20f shows that when both ramp meters and VMS are 

activated and operated according to the optimal strategies identified through the proposed 

framework. The congestion on freeway segments upstream of the incident location at 

examined time periods is clearly improved. As Figure 20g shows, the improvements 

under the scenario with all of the strategies implemented are the most significant. These 

figures need to be combined with system-wide performance analysis as shown in Table 5 

to provide a comprehensive evaluation of the performance of different strategies. In all 

cases, the advantage of the proposed optimization framework is clearly illustrated. 
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Figure 20. Corridor Travel Speed Heat-map under Different Incident and Control Scenarios 
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Conclusions 

Traffic incident is one of the most important contributors for traffic congestion in 

urban areas. There is a wide range of traffic operation tools for traffic operators and 

engineers to choose to mitigate the incident related congestion. These traffic operation 

controls mostly working cooperatively, therefore, it is important to efficiently evaluate 

them and identify the best incident response strategies. However, given multiple choices 

of traffic operation tools, the possible choices of control parameters (discrete and 

continuous), the temporal resolution, and multiple deployment locations, the number of 

operation design scenarios to be considered will increase exponentially. Traffic 

simulation models are typically used to evaluate the performance and effectiveness of 

traffic operation controls because simulation models could better capture complex traffic 

dynamics compared to the analytical traffic flow models. However, simulation models 

usually need long-computing time combined with the large number of possible scenarios 

prevent it from widely applied in incident response strategy optimization studies. 

Analytical methods are normally used for obtaining the theoretical optimal solution 

relatively efficiently. Nevertheless, this approach has limitations in realistically capture 

the traffic dynamics and model to complex behaviors between traffic operation controls 

and traffic. Thus, there is few research applied analytical models to optimize the traffic 

operation management for better responding incident congestion. This study proposed an 

integrated optimization framework by combining a mesoscopic traffic simulation model 

with multiple traffic operation controls embedded and simulation-based optimization 

algorithm to address these challenges. 
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This study integrates three traffic operation strategies into a simulation-based 

optimization model. Previous research barely include such many of different traffic 

control choices all together. The application in a case study on a large network in 

Northern Virginia area demonstrates that the proposed framework could effectively 

identify the optimal traffic operation strategies with multiple strategy choices working 

cooperatively. Although it could not be implemented in real time in its current form, with 

more computing resources that are commercially available, it could be implemented in 

near-real time to address incident response problems in real time. 

The case study shows that the scenario with all three traffic control strategies 

activated together outperforms all the other scenarios in improving the objective function 

significantly. However, it has to trade off by the longer computing time due to the VMS 

random selection procedure. Both analyses based on corridor speed contours and system 

total travel time show that the optimized operation strategies could effectively mitigate 

traffic congestion during the incident. This research considers the metering rate of a ramp 

meter system in the context of a regional network, which significantly differs from 

previous studies that focused exclusively on local traffic patterns. This study provides a 

new perspective for traffic operators and management agencies. The proposed framework 

is flexible to deal with both discrete and continuous control variables. Current study only 

considered fixed, but time-dependent OD matrices. The proposed optimization 

framework could also be extended to consider the elastic time-dependent travel demand, 

which could be important when strategy such as dynamic road pricing is considered. The 
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optimization framework developed in the current study provides an important tool to 

address these future research needs. 
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CHAPTER SIX CONCLUSIONS 

Traffic congestion keeps deteriorating worldwide. It not only compromises the 

societal productivity due to wasted time, but also cause other issues such as pollutions, 

energy efficiency, safety, and even psychological problems. Traffic incident is one of the 

major factors for traffic congestions. Due to the budget limitation and political 

constraints, there is not much room for new roadways. Traffic operation strategies 

became an important alternative for congestion relief, as demonstrated by nation-wide 

deployment of managed lanes and active traffic management systems. New management 

tools (e.g. Shoulder Lane, Ramp Meter, Variable Message Signs, Speed Limit Signs, 

HOV/HOT, etc.) can be used to mitigate traffic congestion, particularly during traffic 

incidents. A simulation model is typically used to test those traffic operation controls 

before an actual action is implemented in real world because field deployment is usually 

expensive and non-reversible. Previous research had made huge efforts on evaluating 

traffic operation strategies for congestion mitigation during incidents. Simulation models 

are able to capturing the complex traffic dynamics, yet have limitation on searching for 

the optimal traffic operation strategies when multiple traffic operation controls are being 

deployed (e.g. multiple deployment locations, time-dependent network, multiple 

operation controls). Analytical methods are always limited by their capability on 

reflecting real world traffic phenomena. This dissertation developed an integrated 
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optimization model which combines Simulation-Based Optimization method with large-

scale time-dependent simulation models. This study showed that the proposed method 

can efficiently identify the system optimal through guided search supported by an 

estimated response surface.  

There are many methods for estimating such a response surface. This research 

tested three commonly used Surrogate Models (QPR, RBF, BO), each of which has been 

integrated into the optimization framework and tested on an analytical model. The 

performance of these Surrogate Models were compared with the theoretical optima which 

was identified through exhaustive search. Based on the numerical results, QPR model 

requires less computing time among all three Surrogate Models. However, it has poor 

performance on identifying the optimal solution. Thus, QPR may be utilized in situations 

when a quick solution is needed for incident response. BO has the best optima searching 

capability yet needs longer computational time. RBF stands in the middle for both 

computational efficiency and optima searching capability.  

This dissertation then integrated the optimization framework with a large scale 

time-dependent simulation model. A case study was conducted on a regional network in 

Northern Virginia area. Two types of traffic operation controls (Shoulder Lane and Ramp 

Meter) were implemented into a mesoscopic simulation model at multiple locations along 

I-66WB corridor, which led to a high-dimensional optimization problem with 40 decision 

variables. The proposed sequential method could effectively reduce the searching space 

in the temporal dimension, and the case study demonstrated that it was effective in 

application. The optimization results showed that BO algorithm outperformed QPR and 
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RBF methods in searching for optimal solutions, with required slightly longer computing 

time. Based on the results from both system wide travel time analysis and corridor speed 

contour analysis, optimized operation strategies identified by the proposed framework 

could effectively mitigate traffic congestion during the incident. This study represents a 

major improvement compared to previous studies in the number of different traffic 

control variables considered.  

This dissertation then introduced one more traffic operation strategy, VMS, which 

involved more complicated behavioral reactions and required more sophisticated 

treatment in traffic simulation into the proposed integrated optimization framework. The 

optimization results on the system wide travel time analysis and corridor speed contour 

analysis of the case study both indicated that the scenario with all three traffic control 

strategies activated together outperformed the scenarios where each control strategies 

were invoked in isolation. This result showed the importance of considering all control 

strategies in an integrated optimization framework and being considered simultaneously. 

This study also showed the importance and the complication of considering different 

travel behavior, such as compliance rate to VMS, choice of alternative path, and 

randomness in who may comply with the VMS control. Findings in these areas may 

guide further studies in active traffic management and incident responses. 

This study provided a new tool for traffic operators and management agencies 

who need to react quickly in real world traffic operations. The proposed optimization 

approach will provide researchers and decision makers better insights in incident 

response management and traffic operations in general. Travel time savings from better 
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traffic incident management strategies will significant improve system efficiency, 

environment, and safety. 
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