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Flooding is a significant disaster that threatens the lives of millions of people within the United 

States. The 100-year coastal floodplain in the United States accommodates over 60,000 miles of 

major roadways. Moreover, United States Census Data reveals that more than 50% of the U.S. 

population lives close enough to the shoreline to be influenced by potential flooding. One major 

problem in this regard is identifying people who strongly depend on public transportation. 

A Conditional Wasserstein Generative Adversarial Network model and a couple of statistical 

approaches are introduced to capture the interdependency of people's characteristics in hazard 

zones. This method can provide a robust tool to estimate the demand for evacuation. An available 

statistical tool, namely the copula model, and its limitations are discussed, and the superiority of 

GANs model in addressing these limitations is mentioned. Also, a dynamic mixed integer linear 

problem has been developed to use the estimated demand and minimize the total evacuation time, 

the total departure time, and the number of utilized shelters. The model is solved for a simple 

network. A heuristic genetic algorithm is designed to solve the problems of actual life scales. 
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Chapter 1. Introduction 

1.1. Motivation 

Flooding is a significant disaster that threatens the lives of millions of people within the 

United States. The 100-year coastal floodplain in the United States accommodates over 60,000 

miles of major roadways (Douglass et al., 2005). Moreover, United States Census Data reveals 

that more than 50% of the U.S. population lives close enough to the shoreline to be influenced by 

potential flooding. More than 37 million people and their associated businesses have moved and 

been established in the coastal area only within the last three decades. The migration rate grows 

due to increased development along the scenic coastlines and bay shipment terminals (U.S. 

Commission on Ocean Policy, 2004). With these developments, more infrastructure and 

communities will be exposed to severe coastal flood strikes and sea-level rise.  

Different disasters require different levels and shares of mitigation, response, and recovery 

strategies, which are the main three phases of any disaster management program (see McLoughlin 

1985; Bullock and Haddow, 2012; Bumgarner, 2008). Human-induced environmental hazards 

such as global warming are progressive exacerbations of an unknown situation, usually identified 

by its already emerging devastating effects. In the case of terrorist attacks, extremists typically 

commit intentional human-made threats without any notice. Also, the exact or even approximate 

occurrence time for some natural hazards is not identifiable beforehand. For example, only a very 

rough prediction of earthquakes is possible, given that the activity of tectonic plates under the 

ground surface is an uncertain event (Geller, 1997). Mitigation and recovery are the leading 

strategies and focus of the disaster research programs for these hazards. 

On the other hand, some natural hazards are not necessarily strange random events. A 

natural hazard might be identifiable with science and technology aid before it triggers, which 
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justifies investments in a disaster management system's preparedness and response phases. For a 

flood, which is the focus of this study, the probability of identifying a potential inundation strike 

for a specific geographical area is high, even days before its onset (Jones, 2004).  

However, a high-quality flood preparedness plan should involve a robust risk assessment 

procedure to determine the potential of a location for a disaster (Apel et al., 2004). Although a 

comprehensive risk assessment is most relevant when disaster mitigation strategies are being 

developed, a byproduct of such analysis is the identification of at-risk zones. The risk is typically 

defined as the probability of a disaster multiplied by its negative consequences (UNISDR, 2016; 

Mamuji and Etkin, 2019). From the economic point of view, this definition translates to the 

monetary value of the damage that an event will cause. Assuming that the results of proper and 

meticulous risk identification research are available, the remaining issue is identifying the demand, 

resources, and development of practical planning models to manage the hazard, which drives the 

motivation for this study. 

According to the yearly reports on the number of significant disasters published by the US 

Federal Emergency Management Agency (FEMA, 1996), the number of natural or human-made 

disasters that exceed the communities’ local capacities, require state and federal assistance, and 

require an evacuation is between 45 and 75 cases (Transportation Research Board of the National 

Academies). Therefore, transportation engineers, planners, and policymakers are rigorously 

working to identify successful evacuation strategies to resolve one of the most challenging 

problems that threaten today’s societies. With the unprecedented increase in frequency and 

intensity of climatic disasters experienced in the U.S. and worldwide that cost thousands of lives 

lost each year, developing methods and tools to help identify effective evacuation plans remains a 

crucial research need. The conditions under which evacuations happen and the characteristics of 
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the impacted communities may vary significantly depending on many factors, including but not 

limited to the nature and the intensity of the hazard, geography, sociodemographics, institutional 

structures, and the preparedness level. However, it is an unfortunate fact that often, low-income 

and typically residents who do not own cars are the ones that take the most brutal hit, as observed 

in hurricanes Katrina, Rita, and Maria cases.  

In 2005, Hurricane Rita (the 4th most intense Hurricane recorded in the Atlantic Basin) 

made landfall which caused severe to catastrophic flooding and wind damage. New Orleans and 

Houston officials were criticized and applauded, respectively, for their evacuation performance. 

The critical factor in Houston officials outperforming New Orleans officials was that Houston 

officials managed to efficiently use their bus transit services and resources to evacuate the people 

who did not own cars before this extreme event. The remarkable statistics are that nearly 8 percent 

of the 1.3 million New Orleans residents who were left helpless in the urban area had no access to 

automobile transportation. At the same time, half of the car-less people evacuated the area used 

the empty seats provided by their close friends and relatives (Wendell, 2006). Figure 1 shows the 

rescue efforts continued in New Orleans days after Hurricane Katrina had struck the area. The lack 

of accurate predictions for evacuation facilities had led to days of rescue efforts and inevitable 

fatalities (Brown, 2006). These observations suggest that matching the available resources 

(including the transit and car-sharing possibilities) with the trip productions during an extreme 

event is crucial in successfully evacuating people who do not own cars. Therefore, it is critical to 

develop specific strategies and plans that consider the location of vulnerable populations and 

whether they have the means to travel to safe zones or not. 
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Figure 1. Rescue efforts in New Orleans in the days after Hurricane Katrina (Source: 

https://www.indiewire.com/2020/03/floodlines-podcast-host-vann-newkirk-hurricane-katrina-1202220318/) 

Demography is the study of a population utilizing the available characteristics such as age, 

race, gender, access to personal cars, and other social attributes. A set of either available or 

analytically obtainable population characteristics is usually referred to as sociodemographic 

characteristics. A population's sociodemographic features help model the travel demand and 

transportation systems optimized for pre and post-hazard operations. Under an evacuation 

operation, especially in the US, people with personal cars typically drive to destinations other than 

emergency shelters. In contrast, low-income people who do not own cars mostly rely on public 

transportation. 

Additionally, in the presence of lead-time in evacuation, group activities (e.g., family 

members gathering or parents going to their children’s house) have been observed during the 

evacuation period (Stern, 1989). These activities may be partially due to the lack of access to 

personal cars or the age of older adults who are too old to drive a vehicle in harsh situations.  If 

authorities do not provide public transportation, the people who do not own cars can only rely on 

their relatives and friends. While not all low-income people suffer from a lack of access to personal 

vehicles, they constitute the majority of the public transportation users under normal conditions. 
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According to the US Census Bureau, a total of 21% of transit-using households are only paid less 

than $15,000 as their annual income, and 46% of riders have no access to a personal vehicle. Their 

transportation to shelters or safe zones needs to be provided by transit agencies under emergency 

conditions. Such a case requires reliable predictions on the number of low-income people who do 

not own cars for small enough areas to distribute reasonable evacuation resources without 

significant accessibility issues. 

Once the location and percentage of low-income people who do not own cars are identified, 

the crucial step is to develop a planning model that optimizes the utilization and allocation of the 

facilities, resources, and existing infrastructure to evacuees to efficiently evacuate the identified 

danger zones. During an evacuation, the existing infrastructure gets crowded with an inevitable 

traffic volume whose consequences are unprecedented. Hurricane Floyd (1999) and hurricanes 

Katrina and Rita (2005) required millions of people to evacuate, creating the most extensive traffic 

jams in U.S. history (Transportation Research Board of the National Academies, CNN LIVE, 

2001; CNN LIVE at Daybreak, 2001). According to a 2006 report to the Texas House of 

Representatives (HRO, 2006), during the evacuation for Hurricane Rita (2005), at least 60 people 

died only due to heatstroke, cars catching on fire, and traffic accidents. Cars ran out of gas on the 

freeway, which blocked the lanes, and people spent 20 hours going 100 miles in very congested 

stop-and-go traffic. Figure 2 shows a view of congested traffic during Hurricane Rita. Since 2005, 

only Houston added over 1.5 million to its population, meaning that the same Hurricane can cause 

far more fatalities than observed in 2005. The collectors, arterials, and freeways will be more 

congested, and without a practical multimodal evacuation plan, a worse experience of failure will 

be inevitable.  
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Figure 2. Thousands of Houstonian evacuees in massive, congested traffic as Hurricane Rita approaches (Source: 

Public Domain) 
 

It should be noted that it is almost impossible to eliminate fatalities and damages caused 

by intensive natural hazards, such as earthquakes, hurricanes, floods, and pervasive wildfires, as 

the capacity of the available infrastructures and availability of the resources are subject to 

restrictive constraints. According to the International Federation of Red Cross and Red Crescent 

Societies (IFRC), when a community’s capacity to cope with widespread losses is not high enough 

to prevent the community's malfunctioning, the phenomenon is identified as a disaster. 

Malfunctioning of a community happens when the utilization of its resources is not enough to 

control actions required for the preparedness and response phases of a threatening hazard. 

Therefore, developing optimization and planning models is crucial in efficiently employing the 

available resources and facilities for evacuation purposes and identifying the required additional 

supplies to further conquer the disasters' destructive nature. 

1.2. Scope of Study 

Estimating and alleviating the consequences of a natural hazard to the human environment 

requires accurate information on the impacted areas' geographic and demographic characteristics 

and an efficient planning model for extreme situations. One necessary aspect of these models is 
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the accessibility of low-income, car-less, and older people to transportation resources. This issue's 

immediate requirement is to accurately estimate the number of people who strictly depend on 

publicly provided transportation facilities. The precise prediction of the number of people who do 

not own cars needs strong models validated through robust statistical techniques and tests.  Having 

obtained the demand for publicly available evacuation transport systems, developing accurate 

emergency evacuation models to minimize these disasters' negative consequences is the next step. 

In terms of transportation and traffic congestion, these negative consequences can be translated 

into the required time for different actions during specific phases of an evacuation or defined as 

the number of people to whom the evacuation system fails to respond to their needs. Therefore, an 

efficient evacuation model aims to minimize the evacuation operation's temporal dimensions or 

maximize the total evacuees that can be successfully cleared from the risk zones. The focus of this 

study, therefore, is to propose reliable solutions for the following interrelated issues regarding 

evacuation: 

A)  Developing a reasonable population synthesizer that can be utilized to identify low-

income residents' location in conjunction with car-ownership status in a target area of 

interest for evacuation. The main objective is to identify low-income residents who do 

not own cars and impose many challenges in preparing for evacuation, as they solely 

rely on public transportation services. 

B) Developing an evacuation planning model that uses a bimodal transportation system 

(transit and personal car) for evacuation instances and efficiently employs available 

resources and possible strategies. 

The bridge between these two goals is the public transportation demand, which indirectly 

determines the need for roads within the flooding area by personal cars. This research suggests a 
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robust method to generate a synthetic population and identify low-income people with no access 

to a vehicle in an area with a medium to high risk of a natural hazard. The model's output paves 

the road toward the development of efficient evacuation planning for transportation services. The 

next chapter (Problem Statement) will discuss the specific features of the synthetic population 

required for evacuation problems.  

1.3. Dissertation Outline 

This dissertation is organized as follows. Chapter 2 provides a clear problem statement on 

specific aspects of the evacuation operation and highlights the contributions and methods used in 

this research. Chapter 2 further clarifies how our study differs from the other analyses. Chapter 3 

reviews the literature on this study's three critical components: population synthesis approaches, 

generative models, and evacuation optimization models. The chapter will mainly focus on 

evacuation data needs, existing population synthesis methods in transportation studies, and the 

available literature on optimization models.  

Chapter 4 discusses the copula approach previously used to synthesize the population. 

Simple binomial choice models that can be utilized to estimate the number of people who do not 

own cars from the synthesized population are mentioned using a simple example from a previous 

study. The copula model's deficiencies and shortcomings are discussed using a case study for Anne 

Arundel County in Maryland. Chapter 5 focuses on developing multiple multivariate generative 

adversarial networks (GANs) models to overcome the copula model's deficiencies. The chapter 

further discusses the results of the Conditional Wasserstein GANs model in generating data for 

sub-areas of a larger geographical area. In addition, a couple of additional statistical methods are 

suggested to understand the applicability of synthesizers in different problems. Chapter 6 first 

demonstrates the complexity and nonlinearity of the bimodal evacuation problem and then presents 

an optimization model that aligns with the public transportation demand estimations from the 
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GANs model introduced in Chapter 5. Chapter 7 develops a genetic algorithm-inspired heuristic 

solution for real-size networks, which creates Pareto-Fronts for simultaneous minimization of total 

travel time and overutilization of the shelters.  Finally, Chapter 8 concludes this research by 

summarizing the achievements and proposing future research suggestions. 
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Chapter 2. Technical Problem Statement 

2.1. Small Area Population Estimation 

People's behavioral patterns and characteristics affect their car-ownership status and 

indirectly influence their decision to own a personal car. These effects can be captured by deriving 

the statistical correlation between individuals' characteristics and car-ownership status by utilizing 

various data sources. It is possible to identify people who do not own cars based on their socio-

demographic characteristics, given that a strong correlation is obtained between their 

characteristics and car ownership status. The biggest challenge is that the whole population's 

characteristics are usually unknown due to practical reasons, or data are not accessible to the public 

due to privacy and security reasons. Only the attributes of a random sample are usually available 

for public use. These samples are typically obtained from a population that belongs to a larger 

geographic area than the area experiencing the hazard, usually a tiny nest within the sampled area. 

An example of the available data is the Public Use Microdata Area (PUMA) level 

information that is available from American Community Survey (ACS) data (United States Census 

Bureau, 2016). The PUMA level information (PUMS) is gathered and updated annually for each 

PUMA in the United States. Each PUMA consists of several areas with different demographic 

characteristics (e.g., income levels, race, employment). Income values for each PUMA vary within 

an extensive range. An appropriate sublevel of PUMA that may reduce this variation is the census 

tract, which is geographically small enough to show low variability in its residents' income levels. 

Fortunately, census tracts are perfectly nested within PUMAs. However, they are minimal, and 

very few samples (or none) from ACS observations might fall into each census tract. Therefore, 

these samples are not adequate to represent the whole population of a census tract. 

To be qualified as reliable synthetic data, a set of synthesized agents must satisfy two 

essential criteria. First, the synthetic data must preserve the dependencies between the attributes 
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for each geographical area. This criterion relies on the multivariate characteristics of a dataset. For 

example, it is reasonable to assume that individuals who share the same sociodemographic features 

(e.g., level of education, household income, marital status) tend to have the same tendency to have 

children or buy a car. Second, the cumulative distribution of the variables for all attributes of the 

interest should be satisfied. The satisfaction of these two criteria guarantees the validity of a 

synthetic population. In purely mathematical terms, these two criteria ensure that the correlation 

between the cumulative distribution of the variables and their joint distribution is the same for the 

synthesized population and the actual population. 

The main problem regarding the synthetic population generation for a small area is the 

availability and quality of sample data that adequately represent the sociodemographic features of 

the people living in that area. When it comes to small area estimation, these data are usually neither 

enough nor reliable to be used to generate a synthesized population. Moreover, the actual 

population data is not available due to privacy reasons and difficulties and limitations in data 

acquisition. Figure 3 illustrates a geographical area in Anne Arundel County, Maryland, comprised 

of two layers: the large area with an ocean shoreline on the east (P) and multiple small areas within 

this large area (Cs). Layer P (PUMA 1203) is a large geographical area where the available data 

samples are enough to describe the whole community. Layers that are labeled C (Census Tracts), 

on the other hand, are the sublayers of layer P. Each layer C only includes a very small portion of 

the data samples from layer P. This small data is insufficient to obtain the dependencies between 

different attributes of the sublayer’s total population and generate the synthetic population. 
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Figure 3. Two layers of geographical area, PUMA level (P) and Census Tract level (C) 

 Although the sample data is adequate to synthesize the population for area P, the resulting 

synthetic population is not suitable for evacuation planning for smaller areas. The most critical 

problem is that not all the subareas in layer P need to be evacuated before, during, or after any 

natural hazard. For example, in Figure 3, the sublayers in the eastern border of the whole area 

(layer P) are more prone to flood, and they need to be evacuated before the flooding to prevent 

possible casualties and fatalities. 

A potential solution to this problem is contingent upon making reasonable assumptions. 

Suppose the dependencies between the characteristics of the people living in area P are the same 

for the sublayers. In that case, the sample from layer P can be used to obtain the data's structural 

dependency. Then, the cumulative distribution function (CDF) of each sublayer C’s attributes can 

be utilized to generate synthesized data for each of them.  

In summary, the structural dependency of the data for each census tract cannot be obtained 

from a few samples that are inherited from PUMA-level sample data. However, assuming that 

dependency is a nonvariant of each PUMA, one may use this dependency to generate a synthetic 

population from the CDF of each census tract's attributes. The feasibility of capturing the structural 



 

13 
 

dependency of data by using two different generative models is described in Chapter 4. The 

deficiency of the previously used Copula Generative model is illustratively described with an 

example. 

2.2. Generative models and transportation data 

Generative models are probabilistic approaches capable of making comparisons, data 

synthesizing, data cell imputation, signal denoising, inpainting, texture and image synthesis, semi-

supervised learning, unsupervised feature learning, and many other tasks (Theis et al., 2015). The 

lack of utilizable statistical data for evacuation programs motivates studies to find practical 

solutions to generate synthetic populations that are highly representative of the people's 

characteristics within a risk-prone small area. Many questions have yet to be addressed before the 

successful employment of generative models in transportation operations. 

In this regard, the most critical issue is the nature of the generative models that are more 

consistent with continuous variables rather than discrete data. However, discrete and categorical 

data is expected in characterizing the users of transportation facilities regardless of the conditions 

being an evacuation or daily routine commutes. For example, each person's activity in Activity-

Based Models is derived from their characteristics, including but not limited to income groups, 

age, and household statistics. Therefore, any utilized generative models for generating a synthetic 

population should be universal and handle categorical, bimodal, and continuous variables and 

attributes. 

2.3. Operational Evacuation Programming Models 

During an evacuation, the traffic congestion is entirely different from regular daily traffic. 

Without accurate planning, the evacuation would occur with all people exiting the hazard zone 

simultaneously. This would result in excessive congestion in significant arterials, which increases 
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the catastrophic consequences of the flood. A practical solution to this problem is combining 

evacuation operations scheduling with the demand extracted from the synthetic population 

generated using population synthesizer models. This information can be used to estimate the share 

of public transportation in evacuation operations for each small evacuation area. This paves the 

road toward a mathematical model consistent with the generated demands. The resulting bimodal 

scheduling problem can also benefit from implementing strategies such as partial contraflow 

operations and collaborative lane usage with the expense of extra computational costs. 

Although the mathematical models can be easily formulated for evacuation problems, the 

nature of evacuation operation is highly non-linear (with respect to time). The resulting solutions 

for current formulations are not computationally justifiable. As its final goal, this research aims to 

employ the statistically validated demand for personal cars and public transportation (bus service) 

to achieve a practical model that meets the needs for a successful evacuation. The following 

chapter provides a detailed literature review on the synthetic population generation and evacuation 

models. 
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Chapter 3. Literature Review 

3.1. Data needs for evacuation of small areas 

Bailey et al. (2007) surveyed the emergency response and evacuation plans in 20 

metropolitan regions selected among areas with minorities, low-income populations, and 

households that do not own cars. They found that only a few agencies had included the population 

of minorities (e.g., low-income people who do not own cars) in their emergency plans. They 

suggested that disadvantaged populations' characteristics should be identified by examining all the 

individuals within a geographical area of interest. The necessity of sociodemographic data is 

highlighted in emergency evacuation literature in the sense that either the individual-level data 

(disaggregated information) for micro areas are not available, or only a small sample from the total 

population is available. Smith and McCarty (2009) stated that, unfortunately, no data sources 

include comprehensive and reliable information on the demographic and socioeconomic effects of 

hurricanes and other natural disasters.  

According to a technical report published by the Disaster Technical Assistance Center of 

SAMHSA, not only does the individuals' sociodemographic status affects their response to the 

evacuation orders, but their location and other variables matter as well (SAMHSA, 2017). 

Masozera and Bailey (2007) and Thiede and Brown (2013) showed that the level of poverty and 

people’s educational background directly influences individuals' access to evacuation 

transportation facilities. Bian and Wilmot (2017) reviewed the level of analysis for vulnerability 

measurements. They stated that, as a critical factor in evacuation studies, vulnerability has usually 

been assessed at a relatively macro level of spatial detail (e.g., see Chakraborty et al., 2005; Wang 

and Yarnal, 2012; Cutter et al., 2000; Cutter et al., 2003; Cutter and Finch, 2008; Emrich and 

Cutter, 2011; Zhou et al., 2014; Borden et al., 2007). However, the key factors influencing 

individuals' vulnerability to an extreme event vary significantly for two neighboring micro-level 
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areas. Among the available literature, only a few studies used small area variables for evacuation 

analysis purposes (e.g., see Cavusoglu et al., 2013). However, these studies focused on a limited 

number of informational factors and only from specific year data. For example, Cavusoglu et al. 

(2013) used the 2010 census bureau data for census tract level car-less people estimates. Therefore, 

it is necessary to identify the characteristics of the vulnerable and low-income people and their 

car-ownership status through a reproducible approach for any year and for a geographical level 

that is small enough to allow car-less people to access the allocated evacuation transit resources.  

In addition, small area predictions allow the authorities and urban officials to better predict 

the pick-up points for vulnerable people. For example, Bian and Wilmot (2018) focused on 

analyzing transit pick-up points for the people with low mobility during Hurricane Katrina, In New 

Orleans. They stated that the analytical zones used for evacuation studies should be small enough 

to help the vulnerable people who typically have low mobility, by providing higher accessibility 

to evacuation resources. 

3.2. Synthetic population 

Due to the lack of disaggregated data, a synthetic population needs to be generated for an 

area of interest and used for various purposes such as microsimulation, optimization, and travel 

behavior models for evacuation planning purposes. For example, to create a transit-based 

evacuation model, Naghawi and Wolshon (2010) used a module in TRANSIMS (TRansportation 

ANalysis and SIMulation System), an agent-based microsimulation transportation modeling 

software, to generate a synthetic population based on the 2000 U.S. Census aggregated data and 

disaggregated data from Public Use Microdata Samples (PUMS). Later, they expanded their work 

to investigate a multimodal transport system's operation during a mass evacuation. They include 
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numerous factors such as auto ownership rates, income, and household size in developing the 

synthetic population (Naghawi and Wolshon, 2015).  

Cuellar et al. (2009) emphasized the data gap in synthetic population generation and 

proposed a simple approach that generates a statistically representative population to model the 

population response. Lämmel et al. (2010-1) used a synthetic population obtained from census 

data (Germany) to simulate people's evacuation in the hypothetical dam-break and inundation of 

Zurich. Their synthetic population embraced 165,571 agents and included all people whose 

workplace was within the evacuation area. They used Multi-Agent Transportation Simulation 

(MATSim) framework to microscopically model evacuees as individual agents who try to optimize 

their routing toward a safe location. They extended this work to the case of a Tsunami in the 

Indonesian city of Padang and used Indonesian census data (BPS, 2005) to generate the synthetic 

population (Lämmel et al. (2010-2)).  

Yin et al. (2014) generated a disaggregated household and individual level synthetic 

population using the TRANSIS package to develop an agent-based travel demand model for 

hurricane evacuation simulation. Their model consists of several econometric and statistical 

models for mode-choice, destination choice, departure time choice, and other demand model 

components. These studies are only a few examples among the vast literature emphasizing the 

need for the synthetic population in emergency evacuation problems. 

Synthetic populations are used commonly as input for activity-based models where the 

travel patterns of individuals and their transportation choices are modeled at a granular level 

(Arentze and Timmermans, 2004; Salvini and Miller, 2005; Pinjari et al., 2006; Guo and Bhat, 

2007; Ye et al., 2009; Bradley et al., 2010; and Javanmardi and Mohammadian, 2012). In addition, 

synthetic populations have been used in establishing measures of accessibility (O'Kelly and 



 

18 
 

Horner, 2003; Dong et al., 2006; and Ziemke et al., 2018). A few population-synthesizing 

approaches generate population while preserving the general characteristics of the population and 

masking individuals' identities for privacy purposes. One widely used method to create synthetic 

populations is the Iterative Proportional Fitting (IPF) technique, first used by Beckman et al. 

(1996) in transportation studies. They utilized IPF for the U.S. census data structure and 

implemented it into TRANSIMS (Choupani and Mamdoohi, 2016). Although Beckman et al. 

(1996) were the pioneers who proposed IPF in transportation-related studies, the original method 

dates far back to the 1940s (Deming and Stephan, 1940). IPF updates the weights of the counts 

from a sample until the sum of the weights for all the attributes matches the marginal values 

available for the area of interest. This process includes a fitting and an allocation step that consists 

of cross-tabulation, integer conversion, and selection. For detailed properties of the IPF, we refer 

the readers to Deming and Stephan (1940), Ireland and Kullback (1968), Fienberg (1970), and 

Mosteller (1968).  

Although the IPF method is well established in transportation studies, multiple problems 

can obscure the validity of the synthetic population generated by IPF. One of the issues is the 

generation of zero cells, zero marginal, and table sparsity caused by zero or small values. Another 

problem is that IPF can synthesize the population at one level, either the households or individuals 

(not both simultaneously) (Pritchard and Miller, 2012; Pukelsheim, 2014). 

An algorithm known as Iterative Proportional Updating (IPU) that generates synthetic 

populations where household-level and person-level characteristics of interest are matched by 

adjusting and reallocating weights was developed by Ye et al. (2009). IPU was further improved 

to accommodate control variables at multiple spatial resolutions by Konduri et al. (2016).  
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A few statistically driven population-synthesizing techniques have been proposed. 

Bayesian inference system method proposed by Schafer (1997), combinatorial optimization 

method proposed by Openshaw and L. Rao (1995) and Williamson et al. (1998), simulated 

annealing presented by Voas and Williamson (2000), and Monte Carlo Markov Chain (MCMC) 

proposed by Farooq et al. (2013), are among these methods. One of the latest studies in this area 

is the work performed by Sun et al. (2018), where they integrated three statistical methods to 

generalize the associations of within- and cross-level attributes and reproduction of structural 

relationships among household members to construct the synthetic population. 

3.3. Generative models 

Another approach to synthesizing population data is the utilization of generative models. 

In approaches that employ generative models, a generator is trained to reproduce samples from the 

complex dependency matrix of the data attributes. Extracting the dependency between different 

data set attributes does not necessarily require a generator. For example, In the specific context of 

synthetic population generation, Kao et al. (2012) proposed a dependence preserving approach 

toward synthesizing household characteristics by fitting multivariate normal distributions and 

modifying the covariance matrix. In general, the generative models can capture the dependency 

structure of the dataset and, at the same time, preserve the distribution of the variables in a joint 

cumulative manner.  

In this research, two generative models are discussed: Copula Generative Models and 

Generative Adversarial Neural Networks (GANs) Models. Copulas are robust methods helpful in 

capturing the dependency between the different attributes of a data set with continuous variables. 

In the context of econometric model estimation, a copula-based approach has been proposed to 

test the dependency among parametric structures by Bhat and Eluru (2009). The method has seen 
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several empirical applications, including the case of sample selection in connection to building 

environment effects on travel behavior (Bhat and Eluru, 2009), and when considering multiple 

events, e.g., type and duration of participation, and accompaniment, in a simultaneous equations 

model system (Born et al., 2014). Copulas are valuable tools for examining the validity of cross-

tabulation results or other data augmentation approaches. For example, Jeong et al. (2016) used 

copulas to validate the dependencies that have been captured by the IPF method. 

This research discusses the limitations of the copula approach, and a novel research avenue 

is proposed to overcome these challenges by using GANs integrated with a couple of statistical 

components. GAN is a machine learning approach that has been widely used in image, video, and 

sound generation but is barely used for one-dimensional numerical data generation. GANs have 

been first proposed by Goodfellow et al. (2014) as a framework that the competition between a 

generator and a discriminator neural network results in a stable model that understands the 

distribution and dependency of the attributes within a dataset. They proposed the most 

straightforward framework for successfully generating new images from a training set in an 

unsupervised learning system. Since then, GANs have been on an evolutionary journey towards 

their current maturity, and semi-supervised (Salimans et al., 2016), fully supervised (Isola et al., 

2017), and reinforcement learning (Ho and Ermon., 2016) methods have been developed to harness 

its fruitful capabilities better. The application of GANs in image and video processing is countless 

and cannot be highlighted thoroughly in a dissertation. To name a few, Radford et al. (2015) 

proposed a convolutional GAN that can be used in generating new image datasets. The 

convolutional nature of capturing the dependency between pixel data made this type of GANs very 

popular. Later, these generative models have been extended to create fake images of human beings 

(Karras et al., 2017), Generating automatic anime characters (Jin et al., 2017), unpaired image to 
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image translation (Zhu et al., 2017), text to photo image synthesis (Zhang et al., 2016), and 

animating still images (Zakharov et al., 2019). 

GAN has excellent potential for transportation data analysis, where only a population 

sample is available. However, to date, only a very few attempts have been made to use this 

technique in transportation engineering applications. For example, Yazdizadeh et al. (2019) used 

Convolutional GANs to infer travel mode from GPS trajectory data and derive trip information 

from smartphone-based travel surveys. The same type of analysis has been performed by 

Günthermann et al. (2020). James (2020) used the idea to develop a set of four deep neural 

networks that work in a proxy-label-based semi-supervised learning algorithm to infer the travel 

modes.   

Lv et al. (2018) proposed using GANs in parallel transportation systems for traffic data 

generation, modeling, prediction, and control. Lin et al. (2019) proposed a new traffic flow 

prediction model (called a pattern-sensitive network) that automatically handles different traffic 

patterns. They used adversarial training (GAN model) to make accurate predictions in unusual 

traffic states without compromising its performance in usual states.  

In the study area of driver behavior, Kuefler et al. (2017) proposed a GAN model to predict 

and simulate (imitate) human driving behavior accurately. Their proposed approach is helpful in 

generating realistic driving behaviors that are robust to trajectory perturbation. Such studies are 

crucial in the development of intelligent transportation systems and realistic highway simulations.  

In the study area of synthetic population, Xu and Veeramachaneni (2018) proposed a GAN 

model to synthesize tabular data that may consist of discrete and continuous variables. Badu-Marf 

et al. (2020) presented a Composite Travel Generative Adversarial Networks to generate synthetic 

agents for agent-based models. Their synthetic data includes the sociodemographic of each agent 
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and the trajectory data. Although their synthetic population is helpful for modeling travel demand 

models, the problem of estimating synthetic population for small areas where the number of 

samples is not enough for training has not been tackled yet. This study introduces a Conditional 

Wasserstein GANs approach that successfully generates a synthetic population for a geographical 

level suitable for evacuation modeling. 

3.4. Bimodal evacuation models  

Researchers have proposed numerous mathematical evacuation models to solve shelter 

assignment problems (e.g., Yamada, 1996; Han et al., 2006; Kimms and Seekircher, 2015), lane-

based routing, and crossing-elimination strategies (e.g., Cova and Johnson, 2003; Xie et al., 2010; 

Kimms and Maassen, 2011; Zhao et al., 2015), contraflow strategy (e.g., Wang et al., 2013), and 

scheduling problems (e.g., Tüydeş and Ziliaskopoulos, 2014) deterministically or by employing 

the robust/stochastic approaches. Rui et al. (2009), Abdelgawad et al. (2010), Bish (2011), An  et 

al. (2013), Goerigk et al. (2013, 2014), Kulshrestha et al. (2014),  and Zheng (2014) proposed 

models and methodologies on mass  transit  evacuation planning.  These models aim to solve the 

same shelter location, routing, and scheduling problems for the massive utilization of public transit 

systems. Three different methods have been utilized to implement these models: 1-Network design 

optimization (e.g., Kalafatas and Peeta, 2006; Tüydeş and Ziliaskopoulos, 2005), 2-Network flow 

optimization, and 3- Cell Transmission Model, which was originally developed by Daganzo (1994) 

based on hydrodynamic theory (Lighthill and Whitham, 1955; Richards, 1956). This research will 

use the famous network flow optimization models and propose a network design strategy to deal 

with possible non-linearity due to lane numbers.   

The network flow problems are np-hard by nature. The high traffic volumes during the 

evacuation operations add to the complexity and nonlinearity of the problem, especially when 
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realistic assumptions are made. Sbayti and Mahmassani (2006) mathematically stated the high 

nonlinearity in evacuation problems while proposing an optimal scheduling evacuation solution 

using the simulation approaches. Adding new modes of evacuation would escalate the problem 

difficulty due to the interactions between different travel modes.  

The literature review in the study area of network and flow evacuation planning models is 

vast, and it is impractical to highlight all in this limited review section. Therefore, this section will 

focus mainly on bimodal optimization models recently proposed to account for car-less evacuees. 

Abdelgawad et al. (2010) proposed a multi-objective optimization framework for multimodal 

evacuation operation, which combines vehicular traffic and mass transit. They first used optimal 

spatiotemporal evacuation (OSTE) formulation to optimize the evacuation scheduling problem 

where the decision variable is a staging vector for evacuation. Each element of this vector is the 

percentage of demand released at time interval t. This vector is then fed into a multiple-depot, 

time-constrained pickup and delivery vehicle routing problem (MDTCPD-VRP) for detailed 

scheduling results. Goerigk et al. (2014) proposed a comprehensive evacuation model. In this 

model, each bus within the evacuation operation is considered a standalone commodity, and 

private vehicles are modeled as a flow of cars. They assumed that each bus could stop at any node 

to pick up evacuees until the bus's available capacity was used. Although they named it a 

comprehensive evacuation model, this model is not sufficient for flood occasions where the mass 

that evacuates the area cannot be picked up from the public transit services' preexisting regular 

schedules. In this study, Goerigk et al. (2014) used the same approach Bretschneider (2012) 

proposed and added a risk parameter to each link within the network. In a simultaneous study, 

Goerigk and Grün (2014) and Goerigk and Deghdak (2015) suggested a robust stochastic method 

to account for the uncertainty in demand, travel times, and the number of buses during the 
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evacuation operation.  Amideo and Scaparra (2017) proposed an integrated model that combines a 

system-optimal and a user-optimal approach. They assumed that evacuation planners have 

complete control over the bus routes, whereas the car-based evacuees aim to reach the shelters 

following the shortest available path. Yang et al. (2018) Considered evacuees who choose between 

car and bus station and can use the regular bus transit scheduled for peak hours to arrive at a shelter. 

This is not realistic as the number of people close to the shelters and who have access to personal 

cars is unknown. 

In summary, there is no reliable method to accurately estimate the number of people who 

do not have access to personal vehicles. The main reason is that the structure of the existing data 

samples in the US is not suitable for car-ownership estimations for the geographical levels that 

require emergency evacuation during natural hazards. This is a research gap, and this research 

proposes an integrated statistical and machine learning approach to produce micro-level population 

data from high-level samples. Another gap in the existing literature is that the evacuation models 

are either non-realistic or employ resources that are not suitable for flood cases. The most helpful 

strategy in the case of a predicted flood strike is to use a bimodal transportation system that 

employs a bus transit system and personal vehicles to evacuate the people who do not have access 

to private cars. This study develops a MILP TET model and a heuristic solution that optimally 

uses these systems in the case of flood striking in areas close to shorelines.  
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Chapter 4. Generative Copula Model and its Limitations 

4.1. Copula Model 

4.1.1. Introduction to the generative copula models 

The statistical model, namely Generative Copula Model, works based on preserving the 

attributes' marginal distributions' dependency by fitting the sample data's rank to specific types of 

non-linear functions (called copula functions). The data's rank is simply the sorting index of the 

data within the dataset (e.g., the variable's rank with the smallest value within a data column is 1, 

and that of the next smallest value is two, and so on). This statistical model's performance in 

generating a synthetic population for evacuation purposes is evaluated in this research. The critical 

factor is whether the synthesized population is good enough to represent the population 

characteristics, including people's income within small geography. With this accurate data in hand, 

the necessary information, such as car ownership, can be modeled for evacuation planning. 

Specifically, data from large-scale samples (e.g., ACS and IRS data) for Anne Arundel County, 

Maryland, has been used to generate synthetic populations for smaller subareas (census tract). The 

generated synthetic population is then used to estimate low-income residents' car-ownership status 

in the subareas, based on transportation-related data extracted from the National Household Travel 

Survey (NHTS).  The Copula Generative Model application issues are discussed, and the 

alternative approach, which is a machine learning generative model, is proposed to overcome these 

issues. 

4.1.2. Generating synthetic population using Copula (methodology) 

The mathematician Abe Sklar first introduced the copula theory and its unique feature into 

probability theory in 1959 (Sklar, 1959). Based on his definition, copulas are any kind of 

mathematical functions that perform a mapping between marginal distributions of a d- dimensional 

multivariates and their joint cumulative distribution: 
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→     [0,1]1 (1) 

Where C is a copula function. In other words, the inputs of any copula function are the 

marginal distributions of the multivariate data, and the output is a unique value between zero and 

one, which is the joint cumulative distribution of the random variables. Assuming that H is the 

joint cumulative distribution function (CDF) of any d-dimensional continuous random variable, 

Sklar Theorem states that: 

𝐻𝐻(𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑑𝑑) = 𝐶𝐶{𝐹𝐹1(𝑥𝑥1),𝐹𝐹2(𝑥𝑥2), … ,𝐹𝐹𝑑𝑑(𝑥𝑥𝑑𝑑)}        𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑑𝑑 ∈  ℝ (2) 

 Where Fd is the marginal distribution of the dth variable. These marginals can be defined 

as the components of the pseudo copula samples and can be expressed as a function of the rank 

(Rd) of the observation in multivariate data. Assume that the multivariate data consists of n number 

of observations. For the ith observation within dth dimension of a multivariate data, 𝐹𝐹𝑑𝑑𝑖𝑖  and 𝑅𝑅𝑑𝑑𝑖𝑖  are 

calculated as follows:  

𝐹𝐹𝑑𝑑𝑖𝑖 =
𝑅𝑅𝑑𝑑𝑖𝑖

𝑛𝑛
 (3) 

𝑅𝑅𝑑𝑑𝑖𝑖 = �1�𝑥𝑥𝑑𝑑
𝑗𝑗 < 𝑥𝑥𝑑𝑑𝑖𝑖 �

𝑛𝑛

𝑗𝑗=1

 (4) 

Based on equations 1 to 4, an empirical copula can be constructed as the empirical 

distribution of the rank-transformed data. This empirical distribution can perform the mapping 

mentioned in equation 1. For any realization of the rank-transformed multivariate data, the 

empirical copula function can be written as follows: 
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𝐶𝐶𝑛𝑛�𝑓𝑓1(𝑥𝑥1), … ,𝑓𝑓d(𝑥𝑥d)� =
1
𝑛𝑛
� 1�𝐹𝐹1

𝑗𝑗(𝑥𝑥1) < 𝑓𝑓1, … ,  𝐹𝐹𝑑𝑑
𝑗𝑗(𝑥𝑥d) < 𝑓𝑓d�

𝑛𝑛

𝑗𝑗=1

 (5) 

Sklar (1959) showed that, for any multivariate set of continuous variables, there exists at 

least one functional (parametric) form of the copula that can perform the mapping mentioned in 

Eq. (1). Several families of copulas have been described in the literature; each family consists of 

multiple copula functions. Copulas that belong to one family usually share some common property. 

For example, Archimedean copulas admit an explicit formula and allow modeling dependency of 

multivariate random variables with only one parameter (θ), which is also the reason for the 

popularity of this family of copulas. Table 1 shows the formulation for the three Archimedean 

copulas used in this study. 

Table 1. Three most popular Archimedean copulas. 
Copula Multivariate Copula Cθ Range of the θ 

Clayton �𝐦𝐦𝐦𝐦𝐦𝐦�𝒇𝒇𝟏𝟏−𝜽𝜽 + 𝒇𝒇𝟐𝟐−𝜽𝜽 + ⋯𝒇𝒇𝒅𝒅−𝜽𝜽 − 𝒅𝒅 + 𝟏𝟏;𝟎𝟎��
−𝟏𝟏/𝜽𝜽

 𝜽𝜽 ∈  [−𝟏𝟏,∞]\{𝟎𝟎} 

Frank −
𝟏𝟏
𝜽𝜽
𝐥𝐥𝐥𝐥𝐥𝐥 �𝟏𝟏 +

∏ (𝐞𝐞𝐞𝐞𝐞𝐞(−𝜽𝜽𝒇𝒇𝟏𝟏) − 𝟏𝟏)𝒅𝒅
𝒊𝒊=𝟏𝟏
𝐞𝐞𝐞𝐞𝐞𝐞(−𝜽𝜽) − 𝟏𝟏

� 𝜽𝜽 ∈ ℝ\{𝟎𝟎} 

Gumble 𝐞𝐞𝐞𝐞𝐞𝐞 �−�� (− 𝐥𝐥𝐥𝐥𝐥𝐥𝒇𝒇𝟏𝟏)𝜽𝜽
𝒅𝒅

𝒊𝒊=𝟏𝟏
�
𝟏𝟏/𝜽𝜽

� 𝜽𝜽 ∈ [𝟏𝟏,∞) 

 

There are deterministic approaches for estimating the copula parameters for bivariate 

random samples that rely on dependency measurements. For multivariate samples, maximum log-

likelihood estimation is a popular method. For big sample data, maximum log-likelihood 

estimation usually converges to a solution, although this method is computationally exhausting. 

To reduce the longitudinal dimension of the problem (i.e., the number of observations), one can 

write the log-likelihood in its weighted form. In this form, the repeated observations within the 
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data appear only once in the log-likelihood with their associated weights. Let’s denote the vector 

of pseudo-observations (rank-transformed observations) for a d dimensional data by U: 

𝐔𝐔 = �𝐹𝐹1(𝑥𝑥1), … ,𝐹𝐹𝑑𝑑(𝑥𝑥𝑑𝑑)� (6) 

Assuming that n* is the modified sample number after deleting the identical observations, and 𝜔𝜔𝑖𝑖 

is the weight for each observation, one can write the log-likelihood function as follows: 

ℒ(𝜃𝜃) =
1
𝑛𝑛∗
�𝜔𝜔𝑖𝑖 log�𝐶𝐶𝜃𝜃�𝑈𝑈�𝑖𝑖��
𝑛𝑛∗

𝑖𝑖=1

 (7) 

The concept of rank is utilized to introduce the marginal distribution of the data to the 

copula. The variables' rank preserves the dependency among the variables for a multivariate 

problem. This is because the rank of the data remains unchanged under any strictly decreasing or 

increasing transformation function. The rank of the variables divided by the number of 

observations augmented by one result in the normalized rank for each realization within the 

sample. Note that the copula maps the normalized ranks of the variables to the joint distribution of 

the variables. 

Once the data is fitted to a copula, it is necessary to evaluate how well the chosen copula 

family describes the dependency structure of the multivariate random variable being modeled. The 

statistical test can be initiated with a null hypothesis that the parametric copula (Cθ) that preserves 

the dependency structure of a given data belongs to the chosen family of copulas. The statistical 

test to evaluate the null hypothesis can be constructed using the empirical copula given in Eq. (5), 

as proposed and examined by Genest et al. (2008, 2009). Genest et al. (2009) proposed testing the 

null hypothesis based on distance measures that are functions of the difference between empirical 

copula and empirical distribution function defined in Eq. (5). The most common form of this 
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empirical distance had been considered by Fermanian (2005) in the form of ℂ𝑛𝑛(𝑢𝑢) =

√𝑛𝑛�𝐶𝐶𝑛𝑛 − 𝐶𝐶𝜃𝜃𝑛𝑛� who commented that the tests based on the empirical process are impractical, 

except for bootstrapping techniques. Genest et al. (2009) proposed rank-based versions of the 

familiar Cramér-Von-Mises statistics to deduce approximate P-values from its limiting 

distribution.  

 The continuous form of the Cramér-Von-Mises statistics that measures the statistical 

distance between distributions of the empirical copula and the parametric copula can be expressed 

as follows: 

𝑆𝑆𝑛𝑛 = � ℂ𝑛𝑛(𝐔𝐔)2d𝐶𝐶𝑛𝑛(𝐔𝐔)
[0,1]𝑑𝑑

= ��𝐶𝐶𝑛𝑛(𝐔𝐔𝑖𝑖) − 𝐶𝐶𝜃𝜃𝑛𝑛(𝐔𝐔𝑖𝑖)�
2

𝑛𝑛

𝑖𝑖=1

 (8) 

The Null hypothesis is rejected with large values of the 𝑆𝑆𝑛𝑛 as n grows to infinity (Genest et al., 

2009). Although the limiting distribution of the 𝑆𝑆𝑛𝑛 is unknown as n → ∞, it can be approximated 

by using parametric bootstrap. Figure 4 shows the bootstrap flowchart to calculate the P-values 

using the Cramér-Von-Mises statistics. 

 
Figure 4. Bootstrap flowchart to calculate the P-value for a selected copula. 

 

The initial step of the bootstrap method is to fit the available data to a targeted copula. The 

Cramér-Von-Mises statistic is then constructed and calculated as the sum of squares for differences 

between empirical and fitted copulas. This distance (𝑆𝑆𝑛𝑛) is calculated for the available sample and 

the estimated copula first. This procedure is repeated for k times (a high number of iterations needs 
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to be selected), each time with the data obtained by sampling with replacement from the initial 

dataset, which leads to a statistics (𝑆𝑆𝑛𝑛∗) for each iteration. The following equation can be used to 

calculate the bootstrap P-value: 

𝑃𝑃 =
1

𝐾𝐾 + 1 �
�1(𝑆𝑆𝑛𝑛∗ ≥ 𝑆𝑆n) + 0.5
𝐾𝐾

𝑖𝑖=1

� (9) 

Note that this P-value is an approximate criterion. A P-value higher than a desired statistical 

level of significance indicates that there is insufficient statistical evidence to reject the null 

hypothesis. The fitted parametric copula belongs to the copula family that has been chosen. This 

intuitively means that the copula successfully captures the true dependency structure of the 

multivariate data. 

Once a copula passes the statistical test for the goodness of fit, there are statistical methods 

to generate synthetic data from the fitted copula. It should be noted that estimated copulas produce 

pseudo-observations, which are realizations from the cumulative distribution function of the 

population. The last piece of the problem that completes the procedure is utilizing the inverse 

cumulative distribution function of each variable. Each pseudo-observation drawn from the copula 

is transformed into a synthetic observation using that variable's inverse cumulative distribution 

function. Within the mentioned procedure, the copula preserves the dependency of the variables, 

while the CDF of the variables evokes the distribution and realization of the observations 

independent of the copula. Figure 5 shows the flowchart of the entire procedure for the generation 

of the synthetic population. The process starts with a sample of observations as input. Then, the 

rank of variables in the data set is determined, followed by the pseudo-observations computation. 

The pseudo-observations are then fitted to a copula, and the goodness of fit test is performed using 
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a bootstrapping algorithm. After the test, n observations are drawn from the pseudo-observations 

to represent the population, and they are transformed into a synthetic population using CDFs.  

 

Figure 5. Flowchart of the population-synthesizing algorithm. 

4.1.3. Anne Arundel County Application  

Anne Arundel County in Maryland is located south of the City of Baltimore and west of 

Chesapeake Bay. The county’s east border is surrounded by water, including the Chesapeake Bay 

and its numerous tributaries, the various rivers, creeks, streams, and inlets, covering 29% of its 

area. The county’s geo-spatial location, combined with changing climatic conditions, has made it 

vulnerable to natural disasters like hurricanes, storm surges, and flooding. The county has 

experienced significant damages from, e.g., tropical storm Isabel (September 2003), hurricanes 

Ernesto (September 2006), Irene (August 2011), and Sandy (October 2012). The tragic examples 

of hurricanes Katrina (2005) and Maria (2017) that cost thousands of lives have taught us that the 

evacuation of typically low-income populations who do not own cars is crucial. Therefore, the 

need for a tool to help planners, first responders, and others ensure these vulnerable populations' 

safety is essential. The population synthesis method developed in this study is applied to Anne 

Arundel County as a foundation for such a tool.  
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Figure 6 shows the median household income for census tracts within Anne Arundel 

County in Maryland. Anne Arundel County includes four PUMAs that are almost equal in terms 

of area. Within each PUMA, there are a few census tracts that are occupied by people with low 

median household incomes. The number of observations for some of the census tracts is too low. 

Therefore, the implementation or validation of any model would be difficult or impossible using 

these few observations. Copula solution is consequently proposed to generate a synthetic 

population provided that a sample of attributes of interest and their marginal distributions for the 

study region are available.  

 
Figure 6. The median income for different census tracts within Anne Arundel county data (note that the data was 

obtained from Interactive maps available at the United States Census Bureau website in 2018, currently available in 
a different format at https://www.census.gov/programs-surveys/geography/data/interactive-maps.html). 

 
 First, the study area's spatial data was acquired, consisting of three layers, each finer layer 

nested within the larger layer. The geographic structure and the resolution of the data are depicted 

in Figure 7. 

https://www.census.gov/programs-surveys/geography/data/interactive-maps.html
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Figure 7. Illustration of PUMAs and census tracts in Anne Arundel County. 

Anne Arundel county is divided into four PUMAs, and each PUMA consists of several census 

tracts. Census tracts, PUMAs, and the county are perfectly nested within each other, ensuring that 

no data is mistakenly duplicated. In this study, the data from the PUMA and census tract levels 

combined with IRS data is used to generate the synthetic population. To the best of our knowledge, 

they have not been consolidated before for population synthesis purposes. The three sources of 

data linked in this study are (1) American Community Survey (ACS), (2) Decennial Census Data, 

and (3) IRS Income Data from tax returns. 

American Community Survey provides a sample of information for Public Use Micro 

Areas (PUMA), called Public Use Micro Samples (PUMS). PUMS consists of two different levels 

of the data: household level and individual level. These two levels of data share a common attribute 

(i.e., serial number) that is suitable for data integration and tabulation purposes. The serial number 

indicates the attachment of each individual to a specific family. Each of the two data sets benefits 

from a weight column that determines the observation's weight within the sample. The weights 

can be used to replicate the data before the copula fitting process. ACS suggests that the household-

level data can be integrated with individual-level data for individual-level studies. Then the 

combined data can use the individual level weights to replicate the observations. The attributes 

used in this study from the household level (HH) and individual level (IL) are listed below. 
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1. NP: Number of person records following the housing record (HH), 

2. HHT: Household or family type (HH), 

3. HINCP: Household income (past 12 months) (HH), 

4. HUPAC: Household presence and age of children (HH), 

5. WIF: Workers in the family during the past 12 months (HH), 

6. AGEP: Age of the person (IL), 

7. SEX: Sex of the person (IL), 

8. ESR: Employment status of the person record (IL), 

9. RAC1P: Recorded detailed race code (IL). 

In this study, the individual-level data is constructed by the data tabulation method 

discussed above. The rank-based pseudo-observations for these attributes can be fitted to a copula 

as a multivariate problem. The rank of the data for cardinal variables has been calculated by 

replacing each category with a numerical value. The copula is capable of capturing the dependency 

between these nine variables. The synthesized pseudo-observations can then be generated from the 

estimated copula. The generated data holds the structural dependencies of the initial sample data.  

As mentioned before, preserving the dependency between the variables is not sufficient for 

synthetic population generation. Another critical piece of the puzzle is each variable's Cumulative 

Distribution Function (CDF). Inverse CDF of the variables transforms the pseudo-observations 

generated by the copula into actual synthetic observations. In this study, two data sources have 

been used to construct CDF functions for the variables of interest. The first data is Decennial 

Census Data 2010, including tables required to generate CDF functions for six out of nine attributes 

mentioned above. These attributes are NP, HHT, HUPAC, AGEP, SEX, and RAC1P. 

Unfortunately, CDF functions for WIF and ESR are not currently available, and therefore, the CDF 
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for these two variables has been obtained from the PUMA samples. IRS data has been used to 

generate the CDF function for the income variable, which is the critical attribute for identifying 

the low-income population. Figure 8 shows an example of IRS data that has been used to generate 

CDF functions for Income.  

 
Figure 8. A sample view of IRS data used to generate CDF functions for Income. 

IRS reports the number of returns for different types of income return forms. The report 

includes the number of returns, the number of single returns, the number of joint returns, the 

number of head of family returns, and the number of dependents recorded. The number of joint 

returns records was doubled and summed with single, head of a family, and dependents records to 

obtain the CDF function for income. The last column in Fig. 6 represents the calculated total 

returns for individual-level data. It should be noted that since the individual-level data has been 

fitted to the copulas, the CDF function of the variables must be at the individual level. The reported 

value for the variables integrated from the household is a characteristic of people's families. This 

means that these variables' CDF function should be obtained from individual-level distributions 

while reflecting people's family characteristics (e.g., income).  
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Another issue associated with IRS data is geographical resolution: the data is reported for 

zip codes; therefore, it cannot be used to generate the CDFs for census tract levels directly. 

Fortunately, the Office of Policy Development and Research provides a crosswalk between zip 

code level and census tract-level data that indicates the percentage of each zip code that belongs 

to a census tract. The data consists of the ratio for residential, business, and other addresses. The 

total ratio is reported. In the IRS data case, since individuals tend to file their tax return forms 

based on their residential addresses, the residential ratio was used as a base to generate income 

CDFs for different census tracts. Figure 9 shows an example of the crosswalk for two census tracts. 

The first three columns in Figure 9 represent the zip code, the tract number that partially includes 

the zip code, and the state of the zip code, respectively. The remaining columns represent the 

residential, business, other, and finally, the total ratio of the zip code level addresses that belong 

to the desired census tract. 

 
Figure 9. A sample view of crosswalks between ZIP code and Census Tracts. 

4.1.4. Identification of Low-income People who do not own cars 

After calculating the rank-transformed pseudo-observations for the nine input variables 

available in ACS, these pseudo-observations have been fitted to four Archimedean copulas (i.e., 

Clayton, Gumbel, Frank, and Joe Copulas). Clayton copula showed the best fit; however, except 

for the Frank copula, p-values for all other copulas considered were significant within the 99% 

confidence interval. Therefore, the Clayton copula was used for population synthesis. The Clayton 

copula results for the four PUMAs in Anne Arundel county to generate the synthetic population 
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are shown in Table 2. There are identical observations within the sample, usually referred to as 

"ties." 

The ties within the sample need to be accounted for in calculating the rank and pseudo-

observations. The ties' rank can be set to the minimum, maximum, or the average of the index 

assigned to the identical observations. In this study, the ranks of the variables are obtained by 

replacing the index set of the ties with their mean value (called the "average" method), and the 

pseudo-observations have been calculated accordingly. This method keeps the weighted 

distribution of the pseudo observations close to the distribution of the real observations. In other 

words, training a copula using this method will correlate the joint distribution of the data set to 

half of the frequency of each category for each attribute. This method ensures that the generated 

pseudo observations will be distributed around the average of the frequencies and well represent 

the dependencies between all the variables regardless of being of cardinal or ordinal nature. 

 
Table 2. Estimated parameters for Clayton copula for census tracts within Anne Arundel county 

PUMA Copula Statistics P-value Estimated Parameter (θ) 
1201 Clayton 156.74 0.9995 0.30082 
1202 Clayton 139.65 0.9995 0.33478 
1203 Clayton 173.25 0.9995 0.28861 
1204 Clayton 158.7 0.9995 0.29214 

 
Having obtained the estimation parameters, a set of pseudo-observations is generated for 

each census tract. The size of each set is equal to the total population of the corresponding census 

tract. The CDF functions, produced using 2010 Decennial Census Data and IRS Income Return 

Data, are utilized to obtain the synthetic population. The synthetic population distribution is 

compared with that of the real data from the Decennial Census and IRS. The error is statistically 

zero within the 99% confidence interval.  
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Once the synthetic population is ready, different models can benefit from the available 

anonymous data for the entire population of a census tract. Model-based estimates are widely 

applied in small area estimation when only small sample sizes are available for the geographical 

area of interest and when design-based estimators do not result in sufficiently reliable estimates 

(Rao and Molina, 2015). In this research, a simple binomial logit model that predicts if individuals 

belong to a household with no car or those with access to one or more cars is estimated using 

Biogeme (Bierlaire, M., 2018) on data extracted from the 2017 National Household Travel Survey 

(NHTS) for the State of Maryland. A series of models have been tested to find the best predictors. 

The final formulation includes the following attributes: number of children (CH1) and number of 

workers (WIF) in the family, income (on three levels of variation, below poverty (inc1), low-

middle income (inc2), and middle income (inc3)), and race (African Americans (R1) and Asian 

(R2)). The utility of the base alternative (no-car) has been set to zero. Equation 10 expresses the 

final utility function defined for the choice of having access to a personal car.  

𝑈𝑈 = 𝛽𝛽0 + 𝛽𝛽𝐶𝐶𝐶𝐶1 + 𝛽𝛽𝑖𝑖𝑖𝑖𝑖𝑖2 + 𝛽𝛽𝑖𝑖𝑖𝑖𝑖𝑖3 + 𝛽𝛽𝑖𝑖𝑖𝑖𝑖𝑖4 + 𝛽𝛽𝑅𝑅1 + 𝛽𝛽𝑅𝑅2 + 𝛽𝛽𝑊𝑊𝑊𝑊𝑊𝑊 (10) 

Table 3 shows the estimated binomial logit and associated statistical test results for a 98% 

confidence interval. 

Table 3. Results of Binomial Model used to estimate car ownership. 

Name Value Robust  
std. err 

Robust 
t-test P-value 

Alternative Specific Constant - 0 car 0.00 Fixed   
Alternative Specific Constant – at least one car 0.583 0.180 3.24 0.00 
Number of children in the household (CH1) 1.01 0.802 1.26 0.21 
Personal income < $25k (inc2) 1.55 0.369 4.20 0.00 
Household income $25K - $50k (inc3) 3.65 0.468 7.81 0.00 
Household income $50K - $75k (inc4) 3.93 0.588 6.68 0.00 
Race - African American (R1) -1.35 0.562 -2.40 0.02 
Race – Asian (R2) -2.06 0.795 -2.59 0.01 
Number of Workers (WIF) 0.745 0.262 2.85 0.00 
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Coefficient estimates are consistent with results available in the literature (Liu et al., 2014). 

The presence of children in the household increases the likelihood of owning cars, although this 

effect is not very significant. As income increases, the utility of having a car also grows. Asian 

and African Americans are less likely to own a car, while the number of workers in the household 

positively impacts the utility of having at least one car. 

Having estimated the car ownership model's coefficients, the model estimates are applied 

to the synthetic population. The probability of having zero or one or more cars for each individual 

within the synthetic population is derived using Equation 11. 

𝑃𝑃(𝑈𝑈1+𝑐𝑐𝑐𝑐𝑐𝑐(𝑠𝑠) |𝑥𝑥) =
𝑒𝑒𝑈𝑈1+𝑐𝑐𝑐𝑐𝑐𝑐(𝑠𝑠)

1 + 𝑒𝑒𝑈𝑈1+𝑐𝑐𝑐𝑐𝑐𝑐(𝑠𝑠)
 (11) 

This probability has been aggregated over the entire synthetic population for each census 

tract in Anne Arundel county to find the percentage of the people who do not have access to a 

personal car. Figure 10 illustrates the percentage of low-income individuals, defined as those who 

belong to a household with a total income of less than $25,000. The darker the color, the higher 

the percentage of the low-income population. Figure 10 also shows the percentage of people in 

each census tract who do not have access to a household vehicle; the magnitude of the dark green 

spots indicates the share of the population who might need help to evacuate to a safe place during 

evacuation. 
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Figure 10. Car ownership and income level for Census Tracts within Anne Arundel County. 

It is clear from Figure 10 that as the percentage of low-income people increases within a 

census tract, the percentage of people with no access to a car also increases. It is observed that 

most people with no car are located within the northern part of the county, which is adjacent to the 

south of Baltimore City. The percentage of people with no car varies between 2 and 11 percent, 

while the low-income percentage varies between 12 and 44. The percentage of low-income people 

obtained appears to be higher than the percentages found in official statistics (see Figure 6). The 

reason for this discrepancy is in our simplified definition of low-income households, based on a 

threshold of $25,000/year. Different poverty measures are defined based on family size and their 

composition and used for mapping poverty. These measures can easily be incorporated into our 

method if more detailed income and family composition data become available. 

4.1.5. Limitations of the copula model 

As shown in the previous section, Copula can estimate a population's characteristics by 

preserving the dependency between the different attributes of the data as a joint cumulative 
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distribution of marginal distributions of the attributes. Although the results can be used to estimate 

the real population, the accuracy of the results can be questioned for two distinct reasons.  

The first reason is inherent in the copula’s nature. The copula theory is proven to be valid 

for continuous variables, and for tabular/cardinal discrete data, it is impossible to measure the 

accuracy level for the results. Genest and Nešlehová (2007) highlighted statistical evidence that 

copulas are not suitable for discrete data, especially when the nature of the data includes ties that 

result from atoms in the probability distribution. Later, through a series of simulation tests, Trivedi 

and Zimmer (2017) provided more evidence that proves Genest and Nešlehová's (2007) 

conclusions. They also offered cases where the copula theory might result in better results for 

discrete count data. 

The second reason is due to the nature of the problem that we have in estimating smaller 

areas from samples of larger areas. Our estimations' governing assumption is that the marginal 

distributions of the attributes are the same for different sub-levels of the PUMAs. This means that 

the population in a PUMA is evenly distributed within all Census Tracts. If this assumption does 

not hold for drawing the synthetic population from a trained Copula function, then the results' 

validity is compromised. Figure 11 schematically illustrates this issue. Area A is an area divided 

into two smaller areas. Assume that a parametric copula function has been fitted to the samples of 

area A. In this imaginary area, people between the ages of 20 and 40 own a personal car. A logical 

realization (Rc) of the fitted copula can be 0.3 for Age and 0.15 for an individual's car ownership 

status. Assume that subarea A1 does not accommodate any person between the ages of 0 and 20. 

Using the pair Rc (0.3, 0.15) and CDFs for subarea A1 to draw a sample for this small area results 

in an invalid sample of a person who is 44 years old and own a car. 
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Figure 11. Illustrative representation of the second issue with small area estimations using Copula  

In the mathematical form, the issue can be stated as the probability of the sample belonging 

to subarea A1. At the same time, it has been drawn from a copula fitted to the samples from area 

A. Since the fitted copula preserves the samples' joint distribution, the condition in this conditional 

probability is equivalent to stating that the sample belongs to the distribution of A. 

𝑃𝑃�𝑅𝑅𝑐𝑐 ∈ 𝐴𝐴1|𝑅𝑅𝑐𝑐 = 𝐶𝐶𝜃𝜃(𝐔𝐔)� = 𝑃𝑃(𝑅𝑅𝑐𝑐 ∈ 𝐴𝐴1|𝑅𝑅𝑐𝑐 ∈ 𝐴𝐴) (12) 

The realization for area A1 from the copula and CDFs of A1 is relevant only if the following 

equation holds: 

𝑃𝑃(𝑅𝑅𝑐𝑐 ∈ 𝐴𝐴1) = 𝑃𝑃(𝑅𝑅𝑐𝑐 ∈ 𝐴𝐴1|𝑅𝑅𝑐𝑐 ∈ 𝐴𝐴) =
𝑃𝑃(𝑅𝑅𝑐𝑐 ∈ 𝐴𝐴1 ∩ 𝑅𝑅𝑐𝑐 ∈ 𝐴𝐴)

𝑃𝑃(𝑅𝑅𝑐𝑐 ∈ 𝐴𝐴)  (13) 

Equation 13 holds only if the distributions and the dependency of variables are the same 

for area A and subarea A1. 

The next chapter develops a GAN-based approach integrated with statistical methods to 

tackle these two problems. 
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Chapter 5. GANs and Synthetic Population Generation 

5.1. Introduction to GAN model for sociodemographic data generation 

Generative Adversarial Neural Network (GAN, in short) is an advanced machine learning 

approach that has been widely used in image, video, and sound (signal) generation but is barely 

used for structured-data generation. This chapter first discusses the reasoning behind the higher 

reliability of GANs model over the Copula method. Then several GANs-based models are 

developed for data synthesizing. 

Once GAN generates an accurate synthetic population, the mapping of the results for the 

car-ownership model (i.e., the percentage of the people who do not own a car) can then be used in 

a variety of transportation and optimization models for planning, operations, design, and logistics 

of evacuation strategies. 

5.1.1. Basic GANs model for synthetic population generation 

A basic GANs model consists of two competing neural networks, a discriminator and a 

generator. The discriminator is trying to learn if a given sample is fake or real. Simultaneously, 

the generator tries to fool the discriminator with artificial samples, which the discriminator cannot 

recognize their fakeness. The term adversarial in GANs originates from this battle between the 

discriminator and the generator. A successful GANs model balances the tradeoff between the 

discriminator's ability to recognize the fake samples and the generator's ability to generate 

synthetic samples. This makes sure that the generator successfully generates synthetic samples that 

belong to the real data distribution. 

One can use different layouts and structures to construct this adversarial battlefield between 

a discriminator and a generator. Before discussing the GANs model as a standalone training unit, 

the different components of the GANs will be highlighted. The discriminator and the generator are 
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the indelible components of any GANs structure. The discriminator is a neural network that is 

trained using two datasets of fake and real data. These fake and real datasets (in our case, the 

sociodemographic of the people within a small area) are labeled by a Boolean index indicating 

whether the observation is fake or real. A trained discriminator can recognize if a new observation 

comes from the same distribution of the training data set. A discriminator can be pre-trained for a 

very few initial iterations. Depending on the nature of the problem and the GANs' structure, pre-

training can be beneficial or detrimental for the successful convergence of the GANs model as a 

single unit and should be performed only for a handful of iterations. Figure 12 schematically shows 

the structure of the discriminator in the proposed model in its pretraining step.  

 
Figure 12. Discriminator pretraining step using the samples from real and false data 

The generator is the second inseparable component of a GANs model. The primary task of 

the generator is to take as an input a vector of a predefined number of noises drawn from a latent 

space and generate a new fake observation as an output. A noise vector can be drawn from different 

symmetric or nonsymmetric distributions with different parameters. The trial-and-error process 

defines the size of the noise vector and the shape of the distributions. Figure 13 schematically 

shows a generator's structure with a noise vector with three components, each element being drawn 

from a gaussian distribution with a different mean and standard deviation.  
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Figure 13. The structure of an example generator 

In any neural network model, the goal is to tune each neuron's weights for every layer to 

minimize the difference between the model's predictions and the samples' real labels. Regardless 

of how it can be formulated, this difference is usually called loss function. The fundamental 

difference between the generative adversarial neural networks and a standalone neural network is 

that in a GANs model, a discriminator and a generator are integrated into a composite model where 

the neurons' weights for the generator are trained based on the performance (loss function) of the 

discriminator. Figure 14 schematically shows the structure of a compiled GANs model.  

 
Figure 14. The structure of a compiled GANs model 
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Within the process of GANs training, the discriminator tries to minimize its error in 

identifying the fakeness of the samples received as input. At the same time, the generator attempts 

to maximize the discriminator's error in determining the fakeness of the samples generated by the 

generator. This action is called a two-player minimax game in which one player tries to maximize 

its probability of winning (performance), and its competitor tries to minimize this probability. The 

mathematical expression for this minimax performance function is called Value Function and has 

been formulated by Goodfellow et al. (2014) as follows: 

min
G
𝑚𝑚𝑚𝑚𝑚𝑚
𝐷𝐷

𝑉𝑉(𝐷𝐷,𝐺𝐺) =  𝔼𝔼𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑[ln𝐷𝐷(𝑥𝑥)] + 𝔼𝔼𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑  �ln �1 − 𝐷𝐷�𝐺𝐺(𝑧𝑧)��� (14) 

 

Equation 14 expands the binary cross-entropy loss function where the natural log has been 

used instead of the least-square loss function to penalize the model further when the differences 

between the predicted and actual outcomes are high. The expression for binary cross-entropy 

function for predictions over n number of observations is as follows: 

𝐽𝐽 = −�[𝑦𝑦𝑖𝑖  ln𝑦𝑦�𝑖𝑖   +  (1 − 𝑦𝑦𝑖𝑖) ln(1 − 𝑦𝑦�𝑖𝑖)]
𝑛𝑛

𝑖𝑖=1

 (15) 

For any binary classification using the sigmoid function, the predicted outcome (ŷ) is a 

value between 0 and 1 (cannot be exactly 0 based on the definition of the sigmoid function). The 

actual class of the variable is defined by either 0 or 1. The binary cross-entropy loss function 

ensures that three important criteria have been satisfied for any binary classification. First, when 

the value of y and ŷ is equal, the value of the loss function (J) should be zero. Second, J should be 

preferably very high for misclassification instances. Finally, J should have a non-negative value 

for any feasible combination of y and ŷ. 
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D(x) and D(G(z)) in equation 14 are realizations from the actual data and the fake data 

drawn from the generator. For any sample i, when the data label is 1 (a sample from the dataset, 

or when the generator wants to fool the discriminator), equation 15 changes to: 

𝑦𝑦𝑖𝑖 = 1, 𝑦𝑦�𝑖𝑖 = 𝐷𝐷(𝑥𝑥)  →   𝐽𝐽 = [ln𝐷𝐷(𝑥𝑥)] (16) 

Similarly, if the data label is 0 (a sample is drawn from the generator, then equation 15 will 

be expanded to result in the following expression: 

𝑦𝑦𝑖𝑖 = 0, 𝑦𝑦�𝑖𝑖 = 𝐷𝐷(𝑥𝑥)  →   𝐽𝐽 = ln �1 − 𝐷𝐷�𝐺𝐺(𝑧𝑧)�� (17) 

Summing equations 16 and 17 and taking the expectation over the distribution of the actual 

data sample and that of the generator will result in equation 14. This is the objective function for 

the GANs model that is solved using different heuristic optimization technics such as stochastic 

gradient descent, RMSprop, and Adam optimization algorithms.  

Figure 15 illustrates the process of GANs training for a compiled GANs model. The 

available actual data samples are divided into multiple samples of the same size, each called a 

batch. A complete training cycle over the entire batches is called an epoch.  

 
Figure 15. The training process for a compiled GANs model 
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The first step in training a GANs model with a batch of data is to generate a set of fake 

samples using the generator. The generated samples are detached from the generator, meaning that 

the generator's weights will not be updated. The fake data (labeled 0) is combined with real data 

(labeled 1) and inputted to the discriminator. This way, we only train and update the discriminator's 

weights through the backpropagation of the gradients calculated for each neural network layer. In 

the second step, the fake samples from the generator are labeled as real samples (labeled 1) and 

fed to the discriminator. In this step, the gradients are calculated and backpropagated to the 

generator. However, the discriminator is not allowed to tune its weights. This way, the generator 

finds the opportunity to tune its weights to produce more realistic results.  The algorithm for GANs 

training is detailed in Table 4 for a single batch.  

Table 4. The algorithm to train the GANs model. 
Pre-training the discriminator  
Train the discriminator using samples of real sociodemographic data and false data 
Main Loop 
Discriminator Loop (k-times) 
        Fix the generator 
       Label the fake data from the generator and samples of real data by 0 and 1, respectively 
      Train the discriminator using the labeled fake and real data 
Label a sample of fake data from the generator by 1 
Fix the discriminator 
Train the generator weights by maximizing the error made by the discriminator  

 

5.1.2. Challenges to be addressed 

A few challenges must be tackled before implementing the GANs model. In this research, 

a couple of statistical methods are proposed to be integrated with the basic GANs model to generate 

a synthetic population and estimate the demand for evacuation models. These challenges are 

highlighted below: 

1- How to provide false data that is from the null space of the real sociodemographic data? 
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2- GANS is applied in image and video processing and is rarely used on 1D data. Is it 

applicable to transportation data? Are the CDFs of the data trainable with GANS? 

3- If all the challenges mentioned above are tackled, how can we associate the data derived 

from GANs to micro areas? 

The solutions to each challenge will be discussed in the following sections, which are 

supported by shreds of evidence from actual examples. 

5.1.3. Generating fake data feed for discriminator pre-training 

Generating false information from outside the real data distribution is only helpful if we 

would like to perform a pretraining for the discriminator network. This pre-training should not be 

done to perfection as it may increase the possibility of overfitting for GANs model. If overfitting 

happens, the discriminator will recognize the fake data and not allow the generator to get closer to 

the real data distribution. One approach is to use a limited number of data samples from inside and 

outside the real data distribution and continue training alongside the generator in GANs model. 

Generating data from outside the real data distribution (Null space) can be performed using 

the singular value decomposition concept. In our case, we have a large number of observations for 

nine sociodemographic attributes extracted from PUMS data and IRS income data. To generate 

data that is entirely different in terms of dependencies, we can randomly draw samples using the 

inverse Variance Covariance matrix: 

[𝑉𝑉𝑉𝑉]−1 = �
1

𝑁𝑁 − 1
[𝐴𝐴𝑇𝑇𝐴𝐴] �

−1

  (18) 

Singular value decomposition on inverse Variance Covariance matrix gives: 

[𝑉𝑉𝑉𝑉]−1 = [𝑈𝑈][𝑆𝑆][𝑉𝑉𝑇𝑇] (19) 
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U and S are nine-by-nine eigenvector and eigenvalue matrices for the inverse Variance 

Covariance matrix. A sample from outside the distribution of the actual data (Null space) can be 

drawn from a distribution (here we assume a normal distribution) with the standard deviation of S, 

using the following equation: 

𝑓𝑓𝑓𝑓𝑘𝑘𝑘𝑘 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = [U ][𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣(𝑣𝑣𝑣𝑣𝑣𝑣 = 𝑆𝑆)] (19) 

5.1.4. Applicability of GANs to one-dimensional data 

As mentioned previously, GANs are widely used in image, video, and sound processing, 

and the utilization of the GANs for structured data is minimal. In addition, to the best of our 

knowledge, the application of GANs in modeling the dependency between the marginal 

distribution of the variables in transportation data is not explored yet. In this section, we generate 

three attributes from a simple spiral function to examine the applicability of GANs to structured 

datasets. Figure 16 shows the shape of this function. 

 
Figure 16. A simple Spiral function used to explore the applicability of GANs to generate the samples from marginal 

distributions of the variables 

The formulation for each attribute of this function is as follows. 

𝑧𝑧 = [0,15] (20) 
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𝑥𝑥 = sin(𝑧𝑧) (21) 

𝑦𝑦 = cos(𝑧𝑧) (22) 

To create a GANs model for this function and generate synthetic samples from the data 

distribution, a large number of true values are created using the exact function, and a tiny noise 

value is added to defer slightly from the exact numbers. This could be analogous to the 

Heteroscedasticity effect or heterogeneity in people's taste. These values are considered real data 

samples. The false data is generated using the value decomposition method mentioned in the 

previous section. The latent space is chosen to come from three Gaussian distributions with mean 

and standard deviations chosen to be N(1,5), N(5,10), and N(10,15). The discriminator and the 

generator are trained once for 128 observations in each iteration. Figure 17 shows the synthetic 

data generated by trained GANs after 50, 200, and 10,000 iterations. 

 
Figure 17. synthetic data generated by trained GANs after 200, 5000, and 10000 iterations 

Figure 18 shows the discriminator's accuracy in identifying the fake and real samples for 

each set of inputs for each iteration. It shows that the average accuracy is somewhere between 70 

and 80 percent, which is a good sign. The reason is that if the accuracy is 100 percent, it indicates 

that the generator cannot capture the dependency structure (joint distribution) of the data, and the 

discriminator quickly identifies the fake data for 100 percent of the situation. 
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Figure 18. Accuracy of the discriminator in identifying the fake and real samples 

Figure 19 shows the discriminator loss for actual and generated fake data and the generator 

loss for generated fake samples. The discriminator loss for real and fake data hovers around 0.5, a 

Nash Equilibrium for a two-player minimax game. 

 
Figure 19. Accuracy of the discriminator in identifying the fake and real samples 

The same GANs structure is used to examine the ability of GANs to preserve the 

dependency between the marginals of the variables. Ten thousand data points are drawn from the 

spiral function (see equations 20-22). The samples' CDFs for each attribute are calculated, and the 

CDF realizations associated with each data point are introduced to the GANs model. The 

distribution of the real inputs (marginals) is shown in figure 20 (a).  
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Once GANs model is trained, the inverse CDFs are used to reconstruct real samples and 

plotted as shown in figure 20 (b) for iterations 50, 200, and 10,000. The generator can capture the 

dependency between the variables when inputting the marginals of the data, but the distribution of 

the data is not well captured. This problem is currently being investigated for potential data or 

GANs structural issues or mistakes. 

 
Figure 20. (a) Generating CDFs and inverse CDFs for 10,000 random samples from spiral function (b) The 

generator samples after 50, 200, and 10,000 training iterations 

The following section discusses the data preparation steps for GANs' inputs, and different 

data variants used in the proposed models are illustrated.  

5.2. Data preparation 

Since this research is part of the evacuation study project where the car-ownership of the 

entire population is of interest, the attributes of the sample data are limited to the decisive variables 

in identifying the people's car-ownership status. In Chapter 4, we highlighted the critical variables 

in capturing the car-ownership status of the people in Maryland, USA. We found that Race, 
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Income, number of workers in the family, and the number of children play an essential role in their 

decision to own a car. A series of binomial models are developed to identify each attribute's best 

class aggregation. We also include the age of the people in our data to increase the data dimension 

and variability. Table 5 summarizes the data attributes and classes used in this study. 

Table 5– data attributes and their classifications 
Attribute classes 

Age Used ten classes of 10-year-interval between 0 and 100 years old 

Race 
White and Others (1)  
African American (2) 
Asian (3) 

Family 
Income 

<$25k (1)  
$25k< and <$50k (2) 
$50k< and <$75k (3) 
$75k< and <$100k (4) 
>$200k (5) 

Status of 
children in 
the family 

From a family with children under six years old (1) 

From a family with children between six and 17 years old (2) 

From a family with children from both two categories, 1 and 2 (3) 

From a family with no children (4) 

Single (5) 

Workers in 
the family 

No Workers in the family (1)  
Possessing a vacant house (2) 
One worker in the family (3) 
Two workers in the family (4) 
Three or more workers in the family (5) 

 

The data for one PUMA (PUMA 1201) in Anne Arundel County, Maryland, US, is 

obtained from the American Community Survey and aggregated to the classes mentioned in Table 

1. In addition, a one-hot vector has been created for each attribute, and these one-hot vectors are 

concatenated. The concatenated one-hot vectors add up to 28 variables; the first ten indicate age 

status, the next three indicate race, the following five indicate income status, and the following 

five are workers' status in the family. Finally, the last five variables indicate the status of the 

children in the family. For example, an Asian person with the age of 28, an income of $74,000, 
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two workers in the family, with one child below six years old, is represented by a one-hot vector 

shown in Figure 21 (a). 

 
Figure 21. Two samples represented as (a) a one-hot vector, and (b) an image 

We also prepared a second version of the data in a different structural format. The purpose 

is to show the application of Convolutional Neural Networks in generating synthetic data in 

transportation engineering. For this set of data, we transformed each data into an image. Each 

image codes the data attributes and their classes in a specific location of the image. Figure 21 (b) 

shows an example of data observation coded in an image. The data point, shown in Figure 21 (b), 

represents a person identified as white, aged between 30 and 40 years, with a family income of 

greater than $200k, with at least one child under six years old and two workers in the family. The 

images are created by specifying a column for each attribute. The vertical position of the white 

pixels in each column indicates the class for each attribute. The columns are concatenated, and a 

band of black pixels is used to separate the attributes. The remainder of this chapter will discuss 

the models that utilize these data sets. 

5.3. Wasserstein GANs 

The Basic GANs model can handle many available problems, such as producing 

handwritten digits from a dataset. However, numerous problems may occur if the dimension and 
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distribution of the data become complicated. The most relevant issue is that the basic GANs are 

not always stable, and an unstable model would result in a problem called Mode Collapse. Mode 

Collapse happens when the generator learns to generate only one mode of data in the data 

distribution instead of the whole distribution. A mode is a group of data in the sample distributed 

around a central point, and each dataset may have multiple modes. For example, in generating 

handwritten digits, each digit is a mode, and there is a central handwritten that is probably most 

common in handwriting. To overcome this problem, Arjovsky et al. (2017) suggested defining the 

GANs model's loss function as the horizontal distance of the actual data distribution from the 

distribution of the data generated by the generator. Since WGANs try to criticize how far the actual 

distribution is from the generated distribution, the evaluating component of the WGANs is called 

the critic instead of the discriminator. The challenge here is that, for the WGANs model to 

converge, the loss function should be 1-Lipschitz continuous, meaning that the gradient of the loss 

function should be less than 1 for every point (every sample). This could be achieved by clipping 

the weights to limit the updating extent of the weights. Weight clipping is easy to implement but 

may limit the learning ability of the critic. A more stable and practical way is to add a regularization 

(penalty) term to the loss function of the WGANs model that penalizes the loss function if the 

gradient is greater than 1. The regularization term calculates the distance of the norm-2 of the 

gradient for an intermediate sample from unity. This intermediate sample randomly shares a 

portion of the actual data and a portion of the data generated from the generator. The final 

expression of the WGANs' loss function is as follows: 

min
G
𝑚𝑚𝑚𝑚𝑚𝑚
𝐶𝐶

𝑉𝑉(𝐷𝐷,𝐺𝐺) =  𝔼𝔼[𝑐𝑐(𝑥𝑥)] − 𝔼𝔼 �𝐶𝐶�𝐺𝐺(𝑧𝑧)�� + 𝜋𝜋𝔼𝔼 [‖∇𝑐𝑐(𝑥𝑥�)‖2 − 1]2 (23) 

The C and G are the critic and the generator, respectively. π is a parameter to regulate the 

magnitude of the penalty. x is a real observation and 𝑥𝑥� is an intermediate sample. An intermediate 
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sample should cover all possible samples between the output space of the generator and real data. 

A practical solution is to sample it uniformly along straight lines between the real and fake 

samples: 

𝑥𝑥� =  𝜖𝜖𝜖𝜖 + (1 − 𝜖𝜖)𝐺𝐺(𝑧𝑧) (24) 

The training process is no different from the process for the basic GANs model except for 

the number of times that the critic is trained before updating the generator. Studies showed that 

training critic a couple of times for each generator training produces the most stable model. In 

what follows, we will discuss the model structures used in this study to generate synthetic 

populations for subareas of a larger area. 

5.4. The structure of WGANs models examined in this study 

Many variants of the WGANs model in this study use an MLP neural network in its 

simplest form to model the critic. The critic consists of two layers of linear transformation. A 

Leaky ReLu activation function follows the first linear layer. The discriminator in the basic GANs 

model uses a sigmoid function in its last layer to model the probability of being fake or real. In the 

case of WGANs, the distance between real and fake distributions can be any value, and the sigmoid 

function must be avoided. Figure 22 illustrates the structure of the critic used in this study. 

 
Figure 22. Critic structure used for most of the models in this study 

We examined a couple of different structures to model the generator. The first and simplest 

generator takes six random numbers from the normal distribution as a noise vector and generates 

28 outputs. Hereafter, we call this model GEN-1. The last layer of the network uses a sigmoid 
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function to map the previous layer's outputs to a value between 0 and 1. During the training phase, 

the exact outcome of the generator is passed to the critic for evaluation. However, during the 

generation of samples from the trained generator, the 28 outputs are deconcatenated to resemble 

the one-hot vector for each class (i.e., age, race, income, number of workers in the family, and the 

status of the children in the family). A max function is then used to determine the class of the 

attribute. Figure 23 illustrates the structure of this generator. 

 
Figure 23. Generator's structure for GEN-1 model  

The second structure used to model the generator (GEN-2 model) benefits from the 

decomposition of the outputs of the last linear layer. The first block of this network includes a 

linear layer with 128 neurons, a batch normalization, a Leaky ReLu activation, and a linear layer 

with 28 neurons. In this structure, the output of the last linear layer is divided into five vectors of 

lengths 10, 3, 5, 5, and 5. Then a softmax activation function is used to model the probability of 

falling in each class for the components of each decomposed vector. These probabilities are 

concatenated again and directly introduced to the critic during the training phase. The class with 

the highest probability is assigned to the associated attribute during the sample generation. Figure 

24 illustrates the structure of this generator. 
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Figure 24. Generator's structure for GEN-2 model  

Block 1 in Figure 24 can take a more complicated neural network structure if the data 

structure and attributes are complex. A complex deep neural network structure for deep learning 

that is established recently uses deep convolutional layers to learn the structure of the input data 

and the complex dependencies in data structures. Convolution is a technique to use filters to detect 

the features in the dataset. A filter (kernel) is a convolution matrix of any size that skims over the 

dataset and captures the features that are not only dependent on one input but multiple inputs in 

the dataset. Each kernel consists of learnable parameters that find features with simple 

mathematical operations. The research in generating synthetic images used convolutional GANs 

in its mastery level; therefore, we also prepared an image version of the data set and designed a 

2D convolutional generator and discriminator. The process of producing the dataset was mentioned 

in section 5.2. We named this model GEN-Conv2D. GEN-Conv2D model uses a discriminator 

with convolutional layers, which takes a batch of fake and real samples coded as images and 

outputs a single value that determines the probability that the data is real. 

On the other hand, the generator starts with a noise vector and produces an image through 

transposed convolutional layers. In GEN- Conv2D, the generator tries to produce the images that 
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code the distribution of the real dataset. The structure of the discriminator and generator for GEN- 

Conv2D is shown in Figure 25. 

The GEN-Conv2D model is illustrated to visually describe the feature extraction step in 

convolutional GANs. The problem with applying 2D convolutional layers is that there is no 

dependency on the height of the images produced from the data. The data dependency is between 

the attributes, which varies on the horizontal axis of the images. In other words, the classes for 

each attribute are independent of other classes. Therefore, the generator may produce images that 

have more than one class for a single attribute. More details are provided in section 5.6. 

 



 

61 
 

 
Figure 25. The structure of the discriminator and generator for GEN-Conv2D 

To benefit from the feature extraction in convolutional GANs, one can use a 1D 

convolutional network as a generator and a simple MLP model as a critic in WGANs. Hereafter, 

we call this model GEN-3. The generator in GEN-3 is the same as GEN-2, where block 1 is 

substituted with four 1D transposed convolutional layers. The first three layers include a batch 

normalization layer followed by the ReLu activation function. The last layer's output is passed to 

the decomposition and softmax block mentioned in the GEN-2 model. The kernel size and stride 

pairs are (3,2), (4,1), (3,2), and (4,2) for the first, second, third, and last layer, respectively. The 
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generator's input is a noise vector with 64 elements drawn from the normal distribution. The 

numbers of channels for the first to the last layers are 256, 128, 64, and 1, respectively. This leads 

to 28 outputs for the output of the model. The critic in GEN-3 is the same as the critic model used 

for GEN-1 and GEN-2. 

5.5. Sample generation for each micro-area 

As previously mentioned in the Introduction, the central issue in generating synthetic 

populations for small areas is that the joint distribution for the variables is not available for small 

areas. A mathematical solution to this problem is to estimate the covariance matrix for each micro-

area. After training the GANs model for PUMA samples, One can assign these samples to each 

micro-area using the maximum likelihood (ML) function: 

𝑃𝑃 =
∏ 𝑃𝑃𝑖𝑖
𝑁𝑁𝑣𝑣
𝑖𝑖

max(𝑃𝑃𝑖𝑖)
  (25) 

Maximum likelihood assignment assumes that the attributes of the data are entirely 

independent, which is contrary to the fundamental assumptions of the problem. Therefore, the error 

associated with this assignment approach has to be modeled to achieve better estimates for the 

covariance matrix of the smaller areas. The goal is to minimize the difference between the 

covariance matrix of the total data and small areas' contribution in the covariance matrix. This 

approach models the error resulting from the independence assumption in maximum likelihood 

assignment mentioned in equation 26: 

min
𝑒𝑒1,  𝑒𝑒2

�𝐶𝐶 − � ��
𝑁𝑁𝑖𝑖
∑𝑁𝑁�

× 𝐶𝐶𝑖𝑖(𝑒𝑒𝑖𝑖)�
𝑁𝑁𝑀𝑀𝑀𝑀

𝑖𝑖=1

�

𝑓𝑓

2

  (26) 

where C is the data covariance and Ci is the modified covariance matrix for subarea i.  
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𝐶𝐶𝑖𝑖(𝑒𝑒𝑖𝑖) =  � (𝑥𝑥 − 𝜇𝜇1 − 𝑒𝑒1)(𝑥𝑥 − 𝜇𝜇1 − 𝑒𝑒1)𝑇𝑇
𝑥𝑥∈Ω𝑖𝑖

  (27) 

Ωi is a set of samples for subarea i that is assigned by the maximum likelihood approach. The 

errors (ei) are obtained and used to estimate the covariance matrices for each micro-area. Then 

these covariance matrices can be used to measure the probability of each observation generated by 

GANs model belonging to a small area. 

There is a limiting restriction with this model. The model only works for the cases where 

the number of sub-areas is smaller than the number of attributes. Otherwise, equation 26 results in 

an underdetermined system of unsolvable equations. This approach is not practical for the PUMA 

level data. The subareas of the PUMA level are Census Tracts, and a PUMA consists of tens of 

census tracts. Another solution is to assume that the contribution of each census tract in the 

multivariate distribution of the data is the same. This assumption is weak and may result in false 

sample assignments. In this approach, the cumulative distribution of the data is used to train a 

WGANs model. Then the generated samples for each census tract are transformed into synthetic 

samples using each attribute's inverse cumulative distribution function for each census tract. 

The last two approaches are either impractical or introduce significant errors to the model. 

In this study, we propose the application of conditional WGANs to produce synthetic samples for 

different classes of data. Assume a second pair for the spiral function mentioned in equations 20-

22 obtained by adding 3, -0.8, and -0.8 to z, y, and x. Conditional GANs can generate the samples 

for each of the spiral functions, given that the real data is labeled to indicate the belonging spiral 

function for each sample. Figure 26 shows the samples generated from conditional GANs for each 

class. The generator and the critic losses are shown in Figure 26 as well. The generator loss on 

WGANs does not imply any intuition for the model's performance. On the other hand, the critic's 
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loss provides the difference between the distribution of the fake and real samples. As this value 

gets closer to zero, the model approaches the global optimum of the loss function. 

 
Figure 26. An example of conditional WGANs using the data from two different spiral functions, (a) Samples 

generated for the first spiral function, (b) Samples generated for the second spiral function, (c) losses for the critic 
and the generator for the first 6,000 iterations (each data point is the mean for the last 20 iterations) 

 In modeling the conditional WGANs to generate synthetic populations for micro areas, at 

least a few samples for each micro-area should be labeled with the correct micro-area number. 

Otherwise, another data source should provide additional labeled data. Here, for the sake of 

simplicity, we assume that the entire dataset has a record indicating the micro-area to which each 

data point belongs. The generator's input noise vector is concatenated with a one-hot vector that 

indicates the class (micro-area) for which the generator produces a sample. The real data is also 

concatenated with a one-hot vector coded with each sample's micro-area. The fake data produced 

by the generator is also concatenated with the original inputted one-hot micro area vector. The 

generator knows for which class a sample has to be generated, and the critic considers the location 

of the data point in discriminating the fake and real samples. The approach can be applied to all 

the abovementioned models except for GEN-Conv2D.   For a critic with 2D convolutional layers, 

additional channels can be introduced to the first layer. The number of additional channels is equal 

to the number of subareas, and one of the channels (a matrix with all-one elements) represents the 
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subarea of the sample.  Figure 27 shows the concatenation of the noise vector for different models 

for the critic and the generator. 

 
Figure 27. Inputs to conditional WGANs (a) Generator Input (b) critic input in the MLP model (c) critic input in the 

convolutional model 

 If the labels are only available for a few samples in the data or a labeled dataset is available 

from another data resource, one can first train a WGANs model with zero labels for the entire 

dataset. This helps utilize more data to capture the dependency and distribution among the entire 

data attributes. Once the training is complete, a new training step with new labeled data is initiated. 

During the second round of the training, the model will calculate the gradients and tune the 

neurons' weights to capture the label information.  

As highlighted above, for the sake of convenience in this study, we assumed that we have 

the subarea records for the entire dataset. It should be noted that this study aims to show the 

potential of the WGANs model in generating the synthetic population for transportation research, 

and the applicability of the models depends on the data availability. Here, we assume that the 

interested PUMA consists of three micro-areas. We assumed that only people between ages 1 to 

30 live in one of the areas, The second and third micro-areas accommodate people between ages 

30 to 60 and 60 to 100, respectively. Although this assumption is not realistic, the comparison of 

the distributions is easier with this data segmentation. 
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We used two measures to compare the results from GANs model and the actual samples 

from the PUMA dataset. The first measurement in comparing the generator results with real data 

is the difference between the distribution of both data. We generated the same number of samples 

using the trained WGANs and calculated the percentage difference from the real distribution for 

each attribute class.  

The second measurement is the difference between the covariance matrix of the real 

samples and fake samples produced from the GANs. We used a variant of the Correlation Matrix 

Distance (CMD) proposed by Herdin et al. (2005). Assuming that C and C.G. (z) are the covariance 

matrices of the real and fake samples from GANs, the non-orthogonality (NO) between two 

correlation matrices is defined by: 

𝑁𝑁𝑁𝑁 =  
𝑡𝑡𝑡𝑡�𝐶𝐶𝐶𝐶𝐺𝐺(𝑧𝑧)

𝑇𝑇 �
‖𝐶𝐶‖𝑓𝑓�𝐶𝐶𝐺𝐺(𝑧𝑧)�𝑓𝑓

    ∈ [−1, 1]      (28) 

Equation 28 measures the distance from the case where the two correlations are orthogonal. 

Therefore, a value of 0 means these two matrices are not correlated, and a value of 1 indicates that 

the covariance matrix for both samples is the same. A value of -1 indicates that these two matrices 

are negatively correlated. 

Section 5.6. discusses the results for all the GANs models mentioned above. The 

conditional WGANs are integrated only with the GEN-2 model, which appeared to be more stable 

and easier to implement. 

5.6. Results of the GANs Models on Sociodemographic Data 

Among the models mentioned in the previous section, GEN-Conv2D generates images that 

can be visually judged.  First, the GEN-Conv2D model is used to show possible problems that may 

arise with basic GANs. Figure 28 shows the mode collapse problem in which the generator is 
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trapped into a local optimum and generates only one sample from the distribution. The average of 

the pixel values for each attribute class is reported in the images.  

 
Figure 28. Mode collapse after training convolutional GANs with GEN-Con2D model 

Employing WGANs, the result of the model is improved, and the model is capable of 

capturing more samples from the distribution. Figure 29 shows the results of the GEN-Conv2D 

model within WGANs training structure after 100, 1200, and 3000 iterations. Although, based on 

further exploration of the results, the distribution of attribute classes is close to the actual data 

distribution (not reported here); the model sometimes assigns two classes to an attribute or leaves 

the class unidentified for some rare cases. This problem is observed for attributes with more classes 

as there is more chance of multiple correlations with other attributes. Therefore, it is necessary to 

employ probabilistic approaches to assign classes to attributes after sample generation. 

 
Figure 29. WGANs results with GEN-Conv2D model after (a) 100 (b) 1200, and (c) 3000 iterations 

Using GEN-1 (Figure 23) as a generator and MLP critic (Figure 22), a WGANs model is 

trained to generate a synthetic population. GEN-1 model uses a single value to identify each class 

in a one-hot vector, making it easier to generate synthetic samples after the training phase using a 
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simple max function. Having trained the WGANs model, a sample with the same size as the real 

data size is generated. Figure 30 (a) shows the distribution of the real data and a fake sample (i.e., 

G(z)) generated by the generator that is trained for 1750 iterations. There are 170,756 observations 

in the real data for PUMA 1201. We generated 170,756 samples 100 times from the generator and 

produced a probability density function for each of the 100 sample sets. Figure 30 (b) shows the 

percentage of deviation from the true distribution. The percentage deviation from the true 

distribution is plotted to examine the range and magnitude of the deviation. Note that the same 

iteration number is used to train all the models in this study. It is clear from Figure 30 that the 

generator could not capture the density of the attribute classes that have a small density in the 

entire dataset. For example, the generator did not generate any samples aged 81 to 100 (class 9 and 

10). 

 
Figure 30. (a) The probability distribution function for a set of 170,756 samples from trained GEN-1 model (b) 

Percentage deviation from real data for 100 sets of 170,756  samples from trained GEN-1 model 

Figure 31 shows the percentage deviation from real data for 100 sets of 170,756 samples 

obtained by training WGANs models with GEN-2 and GEN-3 generators. The models use the 

softmax activation function to simulate the probability of each class belonging to a specific sample. 

As expected, these two models perform better than GEN-1 for the same number of iterations (1750 
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iterations). For both models, the deviation from real data is less than 5% for most of the classes 

for all attributes. The deviation range appears to be higher for the classes with a lower density over 

the entire dataset. One surprising outcome is that both models performed almost the same in 

capturing the real data distribution. Despite the complex structure of the convolutional layers in 

GEN-3, it did not outperform the GEN-3 model within the same training iterations.  

The convergence of the three models is explored using the critic's loss function, which 

indicates the difference between the distributions of the real and fake data. Figure 32 shows the 

track of the loss function for WGANs trained with GEN-1, GEN-2, and GEN-3 as the training 

iterations grow. The horizontal axis indicates the number of training epochs. Each epoch is a 

complete circle of training over the entire batches of data. Based on Figure 32, GEN-3 performs 

better than the other two generators, even though it shows more oscillations during the first three 

training epochs. 

 
Figure 31. percentage deviation from real samples for 100 sets of 170,756 samples from (a) WGANs trained with 

GEN-2 generator (b) WGANs trained with GEN-3 generator  
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Figure 32. The loss function for WGANs trained with GEN-1, GEN-2, and GEN-4 

Figure 33 shows the results for conditional WGANs trained with the GEN-2 generator. We 

integrated the GEN-2 generator with the conditional GANs as the result of this model is relatively 

close to the convolutional GANs, while the run time is relatively low. The model captured the 

distribution of the data for all three subareas. Interestingly, the generator did not generate samples 

for the classes with zero density in the real data distribution. 

 
Figure 33. Probability Distribution Function for synthetic data produced by Conditional WGANs model for three 

subareas of PUMA 

Figure 34 depicts the percentage deviation from real data for 100 sets of 170,756 samples 

obtained by training conditional WGANs model with GEN-2 generator. The data generated for 



 

71 
 

each subarea is extracted, and the deviation from real data is calculated separately. The deviation 

variance is higher for the attribute classes with a very low density in the distribution function. We 

expected this since the absolute value of the counts for these classes is so low that a slight variation 

in the absolute value would significantly affect the percentage deviation. Overall, the mean 

percentage deviation is below 5% for the majority of the classes, which indicates the model's good 

performance in synthesizing the data and capturing the distribution of attributes classes for each 

subarea.  

 
Figure 34. Percentage deviation from the real sample distribution for synthetic data  (100 sets of samples) produced 

by the Conditional WGANs model for three subareas of PUMA 

Sociodemographic information is the building block of many significant transportation 

engineering problems. Such data are widely used in predictive models to estimate the behavioral 

decisions and choices of travelers and transportation service users and customers. In such cases, 

the multivariate distribution of the data and the dependencies between the attributes are critical. 

Therefore, a synthesized dataset must preserve the dependencies between the attributes. We 

calculated the Non-Orthogonality (N-O) measurement for covariances of the real data and a single 
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set of synthesized data. Table 6 shows the N-O for WGANs trained with GEN-1, GEN-2, and 

GEN-3 models. Both GEN-2 and GEN-3 perform better than GEN-1 in capturing the multivariate 

nature of the real data. Although the GEN-3 model performs slightly better than GEN-3, we 

experienced higher run times for training the GEN-3 model. The reason relies on the fact that in 

addition to weights in its fully connected layers, a convolutional neural network also has to train 

kernel parameters. 

Table 6– Non-Orthogonality measured for covariances of the real and the data synthesized with WGANs trained 
with GEN-1, GEN-2, and GEN-3. 

Generator Model GEN-1 GEN-2 GEN-3 

Non-orthogonality measure 0.99443 0.99976 0.99984 

Figure 35 shows the improvement of the non-Orthogonality measurement as the training 

epochs increase. GEN-3 performs quite volatile in capturing the dependencies until the 6th epoch 

of training but is quicker in stabilizing around 1.0 after the 6th epoch. GEN-1 and GEN-2, on the 

other hand, show more stability in convergence but requires more training epochs to achieve the 

same result as GEN-3.  

 
Figure 35. The change in non-Orthogonality as the training epochs increase 

To measure the performance of the conditional WGANs, we constructed a square matrix 

that measures the non-orthogonality for covariances of the real and synthetic data for every pair of 
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subareas. This matrix is shown in Table 7. The diagonal elements of the matrix have the highest 

non-orthogonality, meaning that the synthetic sample set for each subarea preserves the 

multivariate nature of the data for that specific subarea. Subarea 3 shows the most difference in 

dependency with other subareas, which was expected from the data distribution (see Figure 33).  

Table 7– – Non-Orthogonality matrix for all possible pairs of covariances calculated for real and synthesized data 
using convolutional WGANs trained with GEN-2 

             Real 
Synthetic Subarea 1 Subarea 2 Subarea 3 

Subarea 1 0.99924 0.96656 0.88605 

Subarea 2 0.96643 0.99974 0.88068 

Subarea 3 0.88579 0.879313 0.99960 

The primary goal of this research is to highlight the potential of the GANs model in 

generating synthetic sociodemographic data that represents the distribution and multivariate nature 

of the real data. Once the multivariate distribution of the synthetic data is examined and the 

robustness of the model is confirmed, augmented data for the population level can be generated 

using the generator, and the population counts from different data sources. 

To apply and examine the performance of the proposed conditional Wasserstein GANs in 

generating synthetic data for the census tracts of the PUMAs in Anne Arundel County, we assumed 

that the synthetic population derived from Copula (See chapter 4) model is the real data. The 

Census Tracts can be partially labeled with the IDs obtained from the Copula model. A subsample 

of each census tract was derived using bootstrapping technique (sampling with replacement), and 

a portion of the data is labeled with the Geo-IDs. The derived sample was augmented using 

Iterative Proportional Factoring to represent the true distribution of its census tract. WGANs with 

GEN-2 were trained for the entire sample with empty (zero values) subarea classification vector. 

The model parameters were then transferred to a new model where the labeled data was introduced 

to the generator, and the entire GANs model was trained to learn the conditions (census tract IDs 
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of samples). The binomial model mentioned in Chapter 4 was used to obtain the car ownership 

status of the synthetic population generated by GANs. Note that each PUMA was trained 

independently by a standalone model to reduce the number of conditionals in Conditional 

Wasserstein GANs and increase the robustness of the model. Figure 36 compares the results of the 

GANs model with the results of the copula model. Figure 36 (a) shows the results of the copula 

model that was used to generate a synthetic population for each census tract using the PUMS 

samples. While copula results cannot be compared with benchmark data, assuming that the copula-

generated samples are real, the performance of the GANs model with partially labeled data can be 

evaluated. Figure 36 (b) shows an excellent match between the pseudo-real data from copula and 

the synthetic data from GANs. 

 
Figure 36. The change in non-Orthogonality as the training epochs increase 
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Chapter 6. Bimodal Evacuation Planning model 

6.1. Understanding the requirements for flood evacuation planning 

Comprehensive disaster management must address proper actions for four specific phases 

to minimize the risks and fatalities caused by a disaster: Mitigation, Preparedness, Response, and 

Recovery [4-5]. Preparedness and Response are crucial puzzle pieces that require implementing 

efficient strategies and actions to plan for potential disasters and manage the evacuation operation 

successfully. A well-structured flood evacuation planning and management needs the agents to 

properly understand the risk zones' geographical conditions and the availability of evacuees’ data 

in desirable geographical levels to develop response strategies suitable and feasible for the area 

under study. For Anne Arundel County, Maryland, which is the case study of this research, there 

are insufficient data samples to estimate the demand for evacuation and transportation facilities. 

The previous sections proposed GANs approach to generate such data. The GANs model 

combined with a simple binomial model estimates the number of evacuees who have access to 

personal cars and the number of evacuees who mainly depend on public transportation systems at 

the census tract level. Figure 37 shows the number of FEMA shelters available to support 

evacuees’ short-term accommodation during an emergency. 
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Figure 37. (a) FEMA shelters are scattered within and outside Anne Arundel County. (b) Transportation network 

and shelters within Anne Arundel County 

Figure 38 shows the accessibility of census tracts to FEMA shelters based on shortest path 

criteria. From the figure, it is clear that the census tracts closer to the shoreline have longer 

distances from the shelters, making the evacuation even more difficult. In this analysis, sea-level 

rise (SLR) projections presented in a recent study by Boesch et al. (2018) are used to explore the 

possibility of road closure for two Representative Concentration Pathways (RCPs that indicate 

atmospheric concentrations of Growing Emissions (RCP 8.5) and Stabilized Emissions (RCP 4.5). 

The probability that the sea level rise meets and exceeds the presented road closure is one percent, 

indicating the worse scenario. However, it should be noted that the flooding situation can result in 

much higher exposure to high levels of water exposure than the sea level rise. We analyze the sea-

level rise due to easy access to sea-level rise projection data. The gray areas on the map are census 

tracts that will be inaccessible due to sea-level rise. 
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Figure 38. Spatial distribution of shortest path to FEMA shelters. Gray areas show dysconnectivity for different sea-

level rise scenarios 

6.2. Evacuation optimization problems 

6.2.1. Flood evacuation problem specifications 

Evacuation in motorized transportation problems can be formulated using static or dynamic 

approaches. In the static method, evacuation demand and hence traffic flow is fixed. Different User 

Equilibrium (UE), System Optimal (SO), Constrained System Optimal (CSO), and nearest 

allocation optimization formulations can be used to optimize the problem. On the other hand, the 

dynamic approach considers temporal changes in flow rates. Dynamic traffic assignment (DTA) 

can be solved with SO and UE formulations as well as Cell Transmission Models. Although it is 

easier to formulate and solve, System Optimal formulations are not realistic as they are intended 

to minimize the total travel time for all transportation facility users. This comes from the notion 

that users would usually not help reduce the total travel time at the expense of sacrificing their 

benefit in achieving short travel times. Also, operators can't control the travel destinations and 

routes due to the high dynamics of drivers’ behavior and the considerable diversity in travel 

purposes. However, in evacuation problems, an area must evacuate, and the destinations are 
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predetermined. Therefore, System Optimal solutions are easier to be implemented using radio and 

mobile communication devices. The utilization and implementation of the System Optimal 

solutions favor transportation time-sensitive problems such as flood evacuation. 

An evacuation optimization can be formulated to consider either deterministic or stochastic 

parameters. Deterministic methods assume fixed conditions for parameters such as demand, 

occurrence time, and availability of resources and facilities. On the other hand, Stochastic methods 

consider uncertainties in one or a combination of these parameters. Including stochasticity would 

add to the complexity of the evacuation problems. The use of GANs in predicting reliable demand 

for small areas allows for using deterministic approaches while still getting reliable solutions. 

Another critical factor in developing accurate evacuation models is considering every 

available mode of travel. The evacuation problem can be formulated for private vehicles, which is 

not realistic because many people would not have access to personal cars. On the other extreme 

side, we can assume the mass transit system will evacuate everyone. A reliable and realistic 

approach assumes a multimodal evacuation system in which different modes of travel are being 

considered for people who own a car and people who do not have access to any personal vehicle. 

In the case of a flood using multimodal tours for a single trip from an origin to destination may 

create bottlenecks in the system. For example, using the urban bus system's routine schedule to 

access the subway is not possible. Besides, subway stations may not be available or exposed to 

high water volumes and may not be operational. A logical and realistic system is a bimodal private-

public system where the bus schedules have been set for an optimal evacuation operation. 

The last consideration for flood evacuation is the objective function. Different objective 

functions can be considered for evacuation problems. Choosing the right objective function 

depends on acquiring a thorough knowledge of the type of disaster and the lessons learned from 
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the previous experiences. Figure 39 illustrates the different objective functions that can be used 

for evacuation problems. The objective function for evacuation planning can be formulated to 

minimize the total evacuation time (TET) or the net clearance time (NCT). TET is an approach 

that tries to minimize the total evacuation travel times for evacuees. 

On the other hand, NCT tries to minimize the time the last evacuee exits from the risk zone. 

NCT formulation is suitable for sudden disasters, and short notice is given due to a lack of decent 

predictions. On the other hand, TET is ideal for cases where the authorities are well acquainted 

with the situation, and there is no need for rapid evacuation.  

 
Figure 39. Illustration of different objective functions in evacuation problems 

TET is superior to NCT because it reduces the travel times for individuals and keeps the 

traffic volumes low by releasing the evacuees gradually, but at the expense of a longer net 

clearance time. The cumulative demand arrival distribution curve for TET and NCT optimization 

has a critical point where the two curves cross each other (Xie et al., 2010). Before this crossing 

point, the number of evacuees who have arrived at the safe zone is higher for the TET optimization 
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approach. Therefore, in elusive disaster identification or when a disaster is expected to happen 

sometime before the critical time, TET-optimization is preferred over NCT-optimization. In the 

case of flood inundation evacuation, the potential for high-resolution predictions of the severe 

flood is high. Usually, there is enough time to let the evacuees leave the risk zone successfully. 

Therefore, the TET optimization approach is preferable where threatening flood inundation strike 

risks are well identified. Another method is to maximize the number of evacuees within a given 

evacuation time. This approach yields the same TET optimization results if there is enough time 

to evacuate the people. In this research, a bimodal, deterministic TET optimization approach is 

suggested that meets the demand parameters that can be obtained by using GANs generative model 

capabilities. 

6.2.2. Problems associated with flood evacuation operations 

Static and dynamic routing problems are subproblems of any traffic flow problems where 

new approaches are employed to route evacuees to destinations (Shelters) while minimizing a 

temporal or integer objective function. In the case of evacuation, shelter location and shelter 

assignment problems can be solved simultaneously or in a bi-level design. In bi-level design, two 

high-level and low-level mathematical optimizations are used to identify the best shelters (High-

level problem) and route the evacuees to the shelters (Low-level problem). Signal and lane 

management strategies (e.g., Cross elimination, intersection control, lane closure, and contraflow 

traffic) are usually introduced as constraints to these problems. In multimodal problems, optimal 

bus scheduling, departure time, pick-up location, fleet size, bus routing for public vehicles, 

contraflow, and collaborative lane utilization are possible strategies that can be employed to 

ameliorate the evacuees' immediate escape from the risk zone that contains an imminent threat. 
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Figure 40 shows the strategies that can be utilized to achieve a robust model for successful 

evacuation. 

 
Figure 40. Different strategies that can be used to achieve a realistic bimodal evacuation problem 

6.2.3. Highly non-linear nature of the evacuation problems 

Traffic conditions in evacuation situations are highly volatile, and the flow within the road 

network can easily pass the links' capacities. Also, in the case of bimodal evacuation, dynamic 

scheduling of private and public transportation facilities escalates the issue. Figure 41 

schematically shows the structure of the bimodal evacuation problem for census tract level flood 

emergency alerts.  

 
Figure 41. the structure of the bimodal evacuation problem for census tract level flood emergency alerts 
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A single pick-up location is used for each census tract. A single central node is assigned to 

each census tract as the origin of travel intended using personal cars. These nodes are connected 

to a road network in hazard zones and finally attached to shelter nodes located in the safe area. The 

time is discretized into small enough steps to represent travel times within links with the shortest 

distance and lowest travel time. Here, we formulate the scheduling problem for this bimodal 

problem to show the highly non-linear nature of the realistic evacuation operation. Table 8 

summarizes the parameters, decision variables, and notations used to formulate the non-linear 

problem. 

Table 8. The parameters, decision variables, and notations used to formulate the non-linear problem 
Decision Variables 
𝜆𝜆𝑖𝑖∗ Departure time for zone i 
𝑇𝑇𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗,𝑣𝑣𝑣𝑣 Travel time by vehicle time vt from origin i to shelter j using route k, departure at time 

λi
*

 

𝑉𝑉𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗  Personal vehicle flows from origin i to shelter j using route k, departure at time λi

* 

𝐵𝐵𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗  Public vehicle flows from origin i to shelter j using route k, departure at time λi

* 
𝑥𝑥𝑎𝑎𝑡𝑡  The flow at link a at time step t 
𝑥𝑥𝑥𝑥𝑎𝑎𝑡𝑡  The flow entering link a at time step t 
𝑥𝑥𝑥𝑥𝑎𝑎𝑡𝑡  The flow exiting link a at time step t 
𝑂𝑂𝑗𝑗𝑡𝑡 The vehicles arrive at node j and exit the network 
𝛿𝛿𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗,𝑡𝑡,𝑎𝑎,𝑣𝑣 Indicates if the vehicle is in link a or not 

Parameters 
𝐷𝐷𝑖𝑖𝑣𝑣 Personal vehicle demand in node i  
𝐷𝐷𝑖𝑖𝑏𝑏 Public vehicle demand in node i 
𝐶𝐶𝑗𝑗 The capacity of shelter j 
Δ Length of time step t 
Other Notations 
t Time step 
𝐼𝐼𝑣𝑣 Set of origins (nodes) for personal vehicles 
𝐼𝐼𝑏𝑏 Set of origins (nodes) for public transport vehicles 
𝐺𝐺(𝑛𝑛) Set of links entering to node n 
𝐸𝐸(𝑛𝑛) Set of links exiting to node n 

The problem is formulated without any lane management strategies. It only provides a 

staging system in which each vehicle is scheduled to depart at a specific time to minimize the total 

evacuation time. The objective functions and constraints are as follows: 
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min TET = � ����𝜆𝜆𝑖𝑖∗ + 𝑇𝑇𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗,𝑣𝑣� 𝑉𝑉𝑖𝑖,𝑗𝑗,𝑘𝑘

𝜆𝜆𝑖𝑖
∗

𝐾𝐾

𝑘𝑘=1𝑗𝑗∈𝐽𝐽𝑖𝑖∈𝐼𝐼𝑣𝑣

𝑇𝑇

𝜆𝜆𝑖𝑖
∗=1

+ � ����𝜆𝜆𝑖𝑖∗ + 𝑇𝑇𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗,𝑏𝑏�𝐵𝐵𝑖𝑖,𝑗𝑗,𝑘𝑘

𝜆𝜆𝑖𝑖
∗

𝐾𝐾

𝑘𝑘=1𝑗𝑗∈𝐽𝐽𝑖𝑖∈𝐼𝐼𝑏𝑏

𝑇𝑇

𝜆𝜆𝑖𝑖
∗=1

 (29 a) 

� ��𝑉𝑉𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗

𝐾𝐾

𝑘𝑘=1𝑗𝑗∈𝐽𝐽

𝑇𝑇

𝜆𝜆𝑖𝑖
∗=1

= 𝐷𝐷𝑖𝑖𝑣𝑣      ∀𝑖𝑖 ∈ 𝐼𝐼𝑣𝑣 (29 b) 

� ��𝐵𝐵𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗

𝐾𝐾

𝑘𝑘=1𝑗𝑗∈𝐽𝐽

𝑇𝑇

𝜆𝜆𝑖𝑖
∗=1

= 𝐷𝐷𝑖𝑖𝑏𝑏      ∀𝑖𝑖 ∈ 𝐼𝐼𝑏𝑏 (29 c) 

� ��𝑉𝑉𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗

𝐾𝐾

𝑘𝑘=1𝑖𝑖∈𝐼𝐼𝑣𝑣

𝑇𝑇

𝜆𝜆𝑖𝑖
∗=1

+ � ��𝐵𝐵𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗

𝐾𝐾

𝑘𝑘=1𝑖𝑖∈𝐼𝐼𝑏𝑏

𝑇𝑇

𝜆𝜆𝑖𝑖
∗=1

= �𝑂𝑂𝑗𝑗
𝑡𝑡

Θ

𝑡𝑡=1

          ∀𝑗𝑗 ∈ 𝐽𝐽 (29 d) 

� ��𝑉𝑉𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗

𝐾𝐾

𝑘𝑘=1𝑖𝑖∈𝐼𝐼𝑣𝑣

𝑇𝑇

𝜆𝜆𝑖𝑖
∗=1

+ � ��𝐵𝐵𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗

𝐾𝐾

𝑘𝑘=1𝑖𝑖∈𝐼𝐼𝑏𝑏

𝑇𝑇

𝜆𝜆𝑖𝑖
∗=1

≤ 𝐶𝐶𝑗𝑗          ∀𝑗𝑗 ∈ 𝐽𝐽 (29 e) 

𝑥𝑥𝑎𝑎𝑡𝑡 = � ����𝑉𝑉𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗

× 𝛿𝛿𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗,𝑡𝑡,𝑎𝑎,𝑣𝑣�

𝐾𝐾

𝑘𝑘=1

𝐽𝐽

𝑗𝑗=1𝑖𝑖∈𝐼𝐼𝑣𝑣

𝑇𝑇

𝜆𝜆𝑖𝑖
∗=1

+ � ����𝑅𝑅𝑒𝑒𝑒𝑒 × 𝐵𝐵𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗

× 𝛿𝛿𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗,𝑡𝑡,𝑎𝑎,𝑏𝑏�

𝐾𝐾

𝑘𝑘=1

𝐽𝐽

𝑗𝑗=1𝑖𝑖∈𝐼𝐼𝑏𝑏

𝑇𝑇

𝜆𝜆𝑖𝑖
∗=1

         ∀𝑡𝑡, 𝑎𝑎  (29 f) 

𝑥𝑥𝑎𝑎𝑡𝑡 = 𝑥𝑥𝑎𝑎𝑡𝑡−1 + 𝑥𝑥𝑥𝑥𝑎𝑎𝑡𝑡−1 − 𝑥𝑥𝑥𝑥𝑎𝑎𝑡𝑡−1      ∀𝑡𝑡, 𝑎𝑎  (29 g) 

� 𝑥𝑥𝑥𝑥𝑐𝑐𝑡𝑡
𝑐𝑐∈𝐺𝐺(𝑛𝑛)

+ 𝑂𝑂𝑛𝑛𝑡𝑡 = � 𝑥𝑥𝑥𝑥𝑒𝑒𝑡𝑡
𝑒𝑒∈𝐸𝐸(𝑛𝑛)

       ∀𝑡𝑡,𝑛𝑛:𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑖𝑖𝑖𝑖 𝑡𝑡ℎ𝑒𝑒 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛   (29 h) 

𝛿𝛿𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗,𝑡𝑡,𝑎𝑎,𝑣𝑣 = 𝑓𝑓 �𝑉𝑉𝑖𝑖,𝑗𝑗,𝑘𝑘

𝜆𝜆𝑖𝑖
∗
�            ∀𝑖𝑖 ∈ 𝐼𝐼𝑣𝑣 , 𝑗𝑗, 𝜆𝜆𝑖𝑖∗, 𝑡𝑡, 𝑎𝑎, 𝑘𝑘 (29 i) 

𝛿𝛿𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗,𝑡𝑡,𝑎𝑎,𝑏𝑏 = 𝑓𝑓 �𝐵𝐵𝑖𝑖,𝑗𝑗,𝑘𝑘

𝜆𝜆𝑖𝑖
∗
�            ∀𝑖𝑖 ∈ 𝐼𝐼𝑏𝑏 , 𝑗𝑗, 𝜆𝜆𝑖𝑖,𝑏𝑏∗ , 𝑡𝑡, 𝑎𝑎, 𝑘𝑘 (29 j) 

𝑇𝑇𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆,𝑣𝑣 = ��𝛿𝛿𝑖𝑖,𝑗𝑗,𝑘𝑘

𝜆𝜆,𝑡𝑡,𝑎𝑎,𝑣𝑣 × Δ
𝑎𝑎

Θ

𝑡𝑡=1

            ∀𝑖𝑖 ∈ 𝐼𝐼𝑣𝑣 , 𝑗𝑗, 𝜆𝜆, 𝑎𝑎, 𝑘𝑘  (29 k) 

𝑇𝑇𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆,𝑏𝑏 = ��𝛿𝛿𝑖𝑖,𝑗𝑗,𝑘𝑘

𝜆𝜆,𝑡𝑡,𝑎𝑎,𝑏𝑏 × Δ
𝑎𝑎

Θ

𝑡𝑡=1

            ∀𝑖𝑖 ∈ 𝐼𝐼𝑣𝑣, 𝑗𝑗, 𝜆𝜆,𝑎𝑎,𝑘𝑘 (29 l) 

𝑥𝑥𝑥𝑥𝑎𝑎𝑡𝑡 , 𝑥𝑥𝑥𝑥𝑎𝑎𝑡𝑡 = 𝑓𝑓 �𝑉𝑉𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗

,𝐵𝐵𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗
�            ∀𝑡𝑡,𝑎𝑎 (29 m) 

𝑂𝑂𝑗𝑗𝑡𝑡 = 𝑓𝑓 �𝑉𝑉𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗

,𝐵𝐵𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆𝑖𝑖
∗
�            ∀𝑡𝑡, 𝑗𝑗 (29 n) 

𝛿𝛿𝑖𝑖,𝑗𝑗,𝑘𝑘
𝜆𝜆,𝑡𝑡,𝑎𝑎,𝑣𝑣 , 𝛿𝛿𝑖𝑖,𝑗𝑗,𝑘𝑘

𝜆𝜆,𝑡𝑡,𝑎𝑎,𝑏𝑏 = 0 𝑜𝑜𝑜𝑜 1     ∀𝑖𝑖, 𝑗𝑗,𝑘𝑘, 𝜆𝜆, 𝑡𝑡, 𝑎𝑎 (29 o) 

𝐴𝐴𝐴𝐴𝐴𝐴 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 ≥ 0  (29 p) 

Equation (29 a) is the objective function that aims to minimize the demand departure time 

as well as the travel time for flow in all routes from each census tract to the shelters. Equations (29 

b – 29 e) satisfy the demand and supply within the census tracts and shelters, respectively. Equation 

29 f defines the flow in each link at time-step t. Equations 29 g and h describe the flow conservation 

within the network nodes and links. Equations 29 i-j defines a decision variable that indicates 

whether a vehicle is in link a of route k from census tract i to census tract j as a function of existing 
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temporal demands. The travel time is, in turn, a function of this indicator (Equations 29 k-l). 

Equation 29 m indicates the dependency of temporal demand and the flows that enter and exit a 

node. These dependencies clearly indicate the non-linearity inherent to the evacuation planning 

problem, especially when advised intelligent scheduling is of interest to decision-makers. The 

mathematical optimization formulation described above cannot be solved for even small networks, 

considering the available machines' computational limitations. In the next section, we propose a 

formulation in which the capacity of each link in the network is restricted to an acceptable range, 

and the specifics of our small area evacuation problem have been embedded within a few linear 

constraints. 

6.3. Proposed evacuation model 

6.3.1. Formulating the problem 

Figure 42 schematically illustrates the network used to formulate a mixed-integer linear 

programming model for census tract level evacuation for flood instances. Each census tract 

includes two nodes that are served as origins for bus and personal vehicles. Two auxiliary super 

nodes are assumed, which can serve as a single super origin node (D) and a single super sink node 

(S). Super origin node (D) is connected to all origins for bus and personal vehicles in each census 

tract through a set of artificial connectors (AD). This node can serve as a depot or just as an auxiliary 

point that provides the required resources for bus pick-up points (zh,b) as well as the demand for 

personal vehicle origins (zh,p). The travel times for links in AD can be set to zero, or it can represent 

the travel times for buses to arrive at the pickup locations. Table 9 summarizes the parameters and 

decision variables used to formulate the problem. 
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Figure 42. the structure of the network redesigned for the proposed evacuation model 

Table 9. The parameters, decision variables, and notations used to formulate the TET MILP 
Decision Variables 
𝑦𝑦𝑖𝑖 Determines whether shelter i is open or not 
𝑥𝑥𝑣𝑣(𝑖𝑖,𝑗𝑗)
𝑡𝑡  Number of vehicles originating their travel at node i at time step t towards node j 

Parameters 
𝐷𝐷𝑖𝑖
𝑝𝑝 Personal vehicle demand in node i (public vehicle origin) 

𝐷𝐷𝑖𝑖𝑏𝑏 Public vehicle demand in node i (bus pick up point) 
𝑢𝑢𝑖𝑖 The bed capacity of the shelter i 
𝑈𝑈𝑖𝑖 The parking capacity of the shelter i 
t High-level time-step to represent flow at each link 
𝜆𝜆 Low-level time-step to represent departure times 
𝜔𝜔𝑗𝑗 The weight assigned to census tract j to prioritize its evacuation 
𝜔𝜔�𝑣𝑣 The weight that prioritizes the arriving time based on the vehicle type 
𝛿𝛿𝐷̅𝐷𝐷𝐷

  𝑛𝑛𝑡𝑡𝜆𝜆 A parameter that allows modeling the waiting time at bus pick up points 
𝛿𝛿𝑖𝑖𝑖𝑖 𝑡𝑡  Travel time from node i to node j at time-step t 
𝜔𝜔𝑖𝑖
𝑠𝑠 This variable allows modeling the shelter preparation costs 

𝐶̅𝐶𝑣𝑣 Average occupancy for vehicle type v  
Γ𝑗𝑗 Service rate for bus pick up location j 
𝑅𝑅𝑒𝑒𝑒𝑒 Bus to car equivalency ratio factor 
𝜅𝜅𝑖𝑖𝑖𝑖 Flow capacity of link ij 
Other Notations 
𝑣𝑣 ∈ {𝑝𝑝, 𝑏𝑏} Vehicle type set, which includes personal vehicles (p) and bus (b) transportation 

system  
𝐷𝐷 The Auxiliary super demand node 
𝑆𝑆 The auxiliary super Sink node 
Θ Set of all time steps at a high level 
𝜎𝜎 Set of time-steps in which node j of a link ij is accessible for a vehicle at time 

step t  
𝑛𝑛𝑡𝑡 Number of smaller time-steps within departure time-steps 
𝜏𝜏 Set of time-steps in which a vehicle can stay in link ij if entered the link at t 
𝐴𝐴 ∈ {𝐴𝐴𝑐𝑐 ,𝐴𝐴𝐷𝐷,𝐴𝐴𝑆𝑆} Set of network links, including network and auxiliary links. 
𝑁𝑁𝑐𝑐 Network nodes 
𝑧𝑧 ∈ �𝑧𝑧ℎ,𝑏𝑏, 𝑧𝑧ℎ,𝑝𝑝 � Set of hazard zones, including bus pick-up locations and personal vehicle origins 
𝑧𝑧𝑠𝑠 Set of shelter nodes 
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It is assumed that the buses are not allowed to pick up any evacuees in nodes other than the 

census tract centroids selected for passenger pick-ups. A bus can serve only one census tract for 

each trip from a census tract to the super sink node. On the supply side, a set of nodes (zs) serve as 

available shelters. These nodes are connected to the super sink, which serves as a node that 

simplifies the formulation of the TET objective function. The Demand (zh,b, zh,p, and D) and supply 

nodes (zs and S) are connected through a graph G(Ac, Nc) which is the original highway network, 

where Ac and Nc are the links and nodes. The total evacuation demand is calculated from the 

following equations:  

𝐷𝐷𝑖𝑖
𝑝𝑝 =

𝑃𝑃𝑖𝑖 − 𝑃𝑃𝑖𝑖𝑖𝑖
4 ∗ 𝑆𝑆𝑆𝑆

 (30) 

𝐷𝐷𝑖𝑖𝑏𝑏 =
𝑃𝑃𝑖𝑖𝑖𝑖

40~80
  (31) 

where  𝐷𝐷𝑖𝑖
𝑝𝑝 and 𝐷𝐷𝑖𝑖𝑏𝑏 are the demand for node i for personal cars and buses, respectively, and Pi is 

the population of the census tract i. Pib and Pip are the population who do not have access to 

personal cars and the population who own a personal car, respectively. These two values are 

obtained from the proposed GANs model. Equation 30 assumes that four people occupy each 

personal car, and a safety factor (SF) is used to modify this value based on available data for each 

geographical area. SF takes a value less than or equal to 1. The time has been discretized into two 

different time steps to evacuate the demand dynamically over time. At a high level, the smallest 

time-unit, t, has been used to indicate the travel time and flow status for each link and node at each 

time step. A practical choice for each time-step length must be smaller than the travel time for the 

shortest link with the highest free-flow speed. Θ represents the set of all time-steps discretized at 

a high level. At the lower level, the departure time (λ) consists of T number of steps; each step 

includes nt number of smallest time unit t. In addition, the departure time unit is chosen to be 
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evenly devisable by t. Figure 43 illustrates the concept of time discretization that is mentioned 

above and demonstrates the notations used. 

 
Figure 43. Bilevel discretization of the time 

The objective function for the TET MILP optimization problem is stated in equation 32. 

min𝑇𝑇𝑇𝑇𝑇𝑇 = � � �𝜔𝜔𝑗𝑗(𝑛𝑛𝑡𝑡𝜆𝜆)𝑥𝑥𝑣𝑣(𝐷𝐷,𝑗𝑗)
𝑛𝑛𝑡𝑡𝜆𝜆−𝛿̅𝛿𝐷𝐷𝐷𝐷

  𝑛𝑛𝑡𝑡𝜆𝜆

𝜆𝜆𝑗𝑗∈𝑧𝑧ℎ,𝑣𝑣:(𝐷𝐷,𝑗𝑗)∈𝐴𝐴𝐷𝐷𝑣𝑣∈{𝑝𝑝,𝑏𝑏}

+ � ��𝜔𝜔𝑣𝑣𝑡𝑡𝑥𝑥𝑣𝑣(𝑖𝑖,𝑆𝑆)
𝑡𝑡

𝑖𝑖∈𝑧𝑧𝑠𝑠𝑡𝑡∈Θ𝑣𝑣∈{𝑝𝑝,𝑏𝑏}

+ �𝜔𝜔𝑖𝑖
𝑠𝑠𝑦𝑦𝑖𝑖

𝑖𝑖∈𝑧𝑧𝑠𝑠

 (32) 

This objective function includes three terms. The first term intends to minimize the 

weighted departure time for both cars and buses. 𝑥𝑥𝑣𝑣(𝐷𝐷,𝑗𝑗)
𝑡𝑡  is a decision variable that determines the 

number of vehicle type (v) that leave super origin D at the time 𝑛𝑛𝑡𝑡𝜆𝜆 − 𝛿𝛿𝐷̅𝐷𝐷𝐷
  𝑛𝑛𝑡𝑡𝜆𝜆. The term 𝛿𝛿𝐷̅𝐷𝐷𝐷

  𝑛𝑛𝑡𝑡𝜆𝜆 can 

be used to model the travel time from the actual depots or the bus boarding time at each dedicated 

zone. ωj is the weight assigned to census tract j to prioritize its evacuation if a higher hazard risk 

threatens the area. The second term minimizes the total travel time considering all the individuals 

(𝑥𝑥𝑣𝑣(𝑖𝑖,𝑆𝑆)
𝑡𝑡 ) who leave shelters toward the super sink at all time steps. ωv is a weight that prioritizes 

the arriving time based on the vehicle type. Finally, the third term minimizes the total number of 

weighted shelters (𝜔𝜔𝑖𝑖
𝑠𝑠𝑦𝑦𝑖𝑖) that have been used to accommodate the evacuees.   The problem 

constraints are formulated as follows. 

� 𝑥𝑥𝑣𝑣(𝑖𝑖,𝑗𝑗)
𝜎𝜎

𝑖𝑖∈𝑁𝑁:
(𝑖𝑖,𝑗𝑗)∈𝐴𝐴;

 𝑡𝑡−𝜎𝜎=𝛿𝛿𝑖𝑖𝑖𝑖
𝜎𝜎

= � 𝑥𝑥𝑣𝑣(𝑗𝑗,𝑘𝑘)
𝑡𝑡

𝑘𝑘∈𝑁𝑁:
(𝑗𝑗,𝑘𝑘)∈𝐴𝐴

          ∀𝑣𝑣 ∈ {𝑝𝑝, 𝑏𝑏} & 𝑗𝑗 ∈ 𝑁𝑁\{𝐷𝐷, 𝑆𝑆} &  �𝜎𝜎 ∈ [1, 𝑡𝑡) | 𝑡𝑡 − 𝜎𝜎 = 𝛿𝛿𝑖𝑖𝑖𝑖𝜎𝜎� 
(33) 

𝑅𝑅𝑒𝑒𝑒𝑒𝑥𝑥𝑏𝑏(𝑖𝑖,𝑗𝑗)
𝑡𝑡 + 𝑥𝑥𝑝𝑝(𝑖𝑖,𝑗𝑗)

𝑡𝑡 ≤ 𝜅𝜅𝑖𝑖𝑖𝑖𝑡𝑡  

→  𝑅𝑅𝑒𝑒𝑒𝑒𝑥𝑥𝑏𝑏(𝑖𝑖,𝑗𝑗)
𝑡𝑡 + 𝑥𝑥𝑝𝑝(𝑖𝑖,𝑗𝑗)

𝑡𝑡 ≤ 𝜅𝜅𝑖𝑖𝑖𝑖 −�   
𝜏𝜏

�𝑅𝑅𝑒𝑒𝑒𝑒𝑥𝑥𝑏𝑏(𝑖𝑖,𝑗𝑗)
𝜏𝜏 + 𝑥𝑥𝑝𝑝(𝑖𝑖,𝑗𝑗)

𝜏𝜏 �        ∀(𝑖𝑖, 𝑗𝑗)

∈ 𝐴𝐴, 𝑡𝑡, �𝜏𝜏 ∈ [1, 𝑡𝑡) | 𝛿𝛿𝑖𝑖𝑖𝑖𝜏𝜏 − (𝑡𝑡 − 𝜏𝜏) > 0� 

(34) 
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�𝑥𝑥𝑝𝑝(𝐷𝐷,𝑗𝑗)
𝑡𝑡

𝑡𝑡∈𝜆𝜆

= 𝐷𝐷𝑗𝑗
𝑝𝑝       ∀𝑗𝑗 ∈ 𝑧𝑧ℎ,𝑝𝑝 (35) 

�𝑥𝑥𝑏𝑏(𝐷𝐷,𝑗𝑗)
𝑡𝑡

𝑡𝑡∈𝜆𝜆

= 𝐷𝐷𝑗𝑗𝑏𝑏       ∀𝑗𝑗 ∈ 𝑧𝑧ℎ,𝑏𝑏 (36) 

� �� 𝑥𝑥𝑣𝑣(𝐷𝐷,𝑗𝑗)
𝑡𝑡

𝑗𝑗∈𝑧𝑧ℎ𝑡𝑡∈Θ𝑣𝑣∈{𝑝𝑝,𝑏𝑏}

= � �𝐷𝐷𝑗𝑗𝑣𝑣

𝑗𝑗∈𝑧𝑧ℎ𝑣𝑣∈{𝑝𝑝,𝑏𝑏}

 (37) 

��𝑥𝑥𝑣𝑣(𝑖𝑖,𝑆𝑆)
𝑡𝑡

𝑖𝑖∈𝑧𝑧𝑠𝑠𝑡𝑡∈Θ

= � 𝐷𝐷𝑗𝑗𝑣𝑣

𝑗𝑗∈𝑧𝑧ℎ,𝑣𝑣

       ∀𝑗𝑗 ∈ 𝑧𝑧𝑠𝑠, 𝑣𝑣 ∈ {𝑝𝑝, 𝑏𝑏} (38) 

� �𝐶̅𝐶𝑣𝑣𝑥𝑥𝑣𝑣(𝑖𝑖,𝑆𝑆)
𝑡𝑡

𝑡𝑡∈Θ𝑣𝑣∈{𝑝𝑝,𝑏𝑏}

≤ 𝑢𝑢𝑖𝑖𝑦𝑦𝑖𝑖     ∀𝑖𝑖 ∈ 𝑧𝑧𝑠𝑠 (39) 

�𝑥𝑥𝑝𝑝(𝑖𝑖,𝑆𝑆)
𝑡𝑡

𝑡𝑡∈Θ

≤ 𝑈𝑈𝑖𝑖𝑦𝑦𝑖𝑖     ∀𝑖𝑖 ∈ 𝑧𝑧𝑠𝑠 (40) 

𝑥𝑥𝑏𝑏(𝐷𝐷,𝑗𝑗)
𝑡𝑡 ≤ Γ𝑗𝑗            ∀𝑡𝑡 ∈ 𝜆𝜆 𝑎𝑎𝑎𝑎𝑎𝑎 𝑗𝑗 ∈ 𝑧𝑧ℎ,𝑏𝑏 (41) 

𝐴𝐴𝐴𝐴𝐴𝐴 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 ≥ 0 (42) 

Equation 33 is a constraint that preserves the conservation of flow at node j. The dynamic 

nature of the conservation of flow constraint is illustrated in figure 44. σ in equation 33 is the time-

step in which a vehicle of type v can traverse the link (i, j) with travel time 𝛿𝛿𝑖𝑖𝑖𝑖𝜏𝜏  and arrive at node j 

at time-step t. In other words, only the links with travel time equal to the difference between the 

time-steps of nodes i and j appear on the left-hand side of equation 33. Since the right-hand side 

of the equation includes all the links that start at node j at time-step t, the entry to j is limited to the 

links that satisfy the travel time limitation.  

Equation 34 limits private and public transportation flows at each link to its capacity at its 

time-step (κtij). The capacity of a link at each time step is defined as the total capacity of the link 

minus the vehicles that have already entered and are traveling on the link. A vehicle is still traveling 

on the link if the difference between its entry time step and the current time step is less than the 

travel time at the entry time step. Req is a bus to car equivalency ratio factor. Equations 35 and 36 

match the demand with the total flow that exits the auxiliary depot summed over the departure 
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times.  Equation 37 prevents any vehicle departures that might be allocated to the time-steps other 

than departure time-steps. Equation 38 matches the supply in shelters with the total demand. 

Equations 39 and 40 make sure that the bed capacity of each shelter i (ui) is higher than the arriving 

demand occupied by average 𝐶̅𝐶𝑣𝑣 people for vehicle type v, and that the parking capacity (Ui) of 

each shelter i is respected by arriving personal vehicles, respectively. Finally, equation 41 limits 

the number of buses that can be served at each time-step t for each pickup point to Гj. 

 
Figure 44. Schematic representation of the conservation of flow at node j 

6.3.2. Application of TET MILP on a simple network 

A simple toy network (Figure 45) has been designed to show the application of the 

formulated TET MILP problem. This network consists of 4 real links and two auxiliary links that 

connect a zone with one bus pick-up point and car origin to an auxiliary super demand node. There 

are two shelters in the network that are connected to a super sink node through two auxiliary links 

with zero travel time. All four auxiliary links have a capacity of 100.  
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Figure 45. A simple example network designed to examine the proposed formulation 

The maximum time step (T) is ten units. The vehicles can depart the shelters every two 

steps, allowing departures at five time steps, each being two time-unit (nt=2). A parking capacity 

of 5 cars is considered for both shelters. The shelters' bed capacities at nodes 4 and 5 are set to 80 

and 100, respectively. The maximum link capacity is 4 for all links. The travel time matrix for 

each link at each time step is shown in table 10. Also, the parameters used in this specific example 

are presented in table 11. 

Table 10. The travel time matrix for each link at each time step 
Link Travel 

Times 
Time Steps  

t=1 t=2 t=3 t=4 t=5 t=6 t=7 t=8 t=9 t=10 

Li
nk

s 

1-2 0 0 0 0 0 0 0 0 0 0 
3-2 1 2 3 1 1 1 1 1 1 1 
4-2 3 2 4 1 1 1 1 1 1 1 
1-3 0 0 0 0 0 0 0 0 0 0 
2-3 3 3 2 1 1 1 1 1 1 1 
5-3 3 3 2 1 1 1 1 1 1 1 
2-4 2 2 3 1 1 1 1 1 1 1 
5-4 3 2 2 1 1 1 1 1 1 1 
3-5 3 3 4 1 1 1 1 1 1 1 
4-5 3 3 3 1 1 1 1 1 1 1 
4-6 0 0 0 0 0 0 0 0 0 0 
5-6 0 0 0 0 0 0 0 0 0 0 
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Table 11. The parameters used for the example network evacuation problem 
perimeters Value 

𝐷𝐷𝑖𝑖
𝑝𝑝 Illustrated in figure 29 

𝐷𝐷𝑖𝑖𝑏𝑏 Illustrated in figure 29 
𝑢𝑢𝑖𝑖 Illustrated in figure 29 
𝑈𝑈𝑖𝑖 Illustrated in figure 29 
T 10 (smallest time unit) 
𝑛𝑛𝑡𝑡 2 
𝜆𝜆 t = [1, 3, 5, 7]  
𝜔𝜔𝑗𝑗 0.4 for node 2 and 0.6 for node 3 
𝜔𝜔�𝑣𝑣 0.9 for buses and 0.8 for personal vehicles 
𝛿𝛿𝐷̅𝐷𝐷𝐷

  𝑛𝑛𝑡𝑡𝜆𝜆 0 
𝛿𝛿𝑖𝑖𝑖𝑖 𝑡𝑡 See table 7 
𝜔𝜔𝑖𝑖
𝑠𝑠 5 (just to make the model work) 

𝐶̅𝐶𝑣𝑣 10 for buses and 4 for personal vehicles 
𝛤𝛤𝑗𝑗 A high value in this simple example 
𝑅𝑅𝑒𝑒𝑒𝑒 1.2 
𝜅𝜅𝑖𝑖𝑖𝑖 Illustrated in figure 29 

At each time step, the link travel times should be updated iteratively to adjust for volume. 

This requires a proper definition of the volume-travel time functions. For this study's purpose, the 

problem is solved for the first iteration with predefined travel times, and the effect of updating the 

travel time will be investigated in the future. The solution to this problem is summarized in table 

12. The entering flow into each link at each time step is represented in figure 46. 

The solution’s reasonableness is investigated for the first four consecutive time steps. Node 

2 is the personal vehicle origin, and node 3 is the bus pick-up point. At time step 1 (t=1), four 

personal vehicles and six buses start their travel at node 1. Since the travel times in auxiliary links 

are equal to zero, the originating journeys immediately appear at the subsequent links. For 

example, the four personal vehicles that start their journey at node 1 immediately appear at link 2-

3, and after three consecutive time steps (travel time for link 2-3 at time t=1), enter link 3-5, and 

after one time step, it arrives at shelter 5. 
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Table 12. The solution to the example TET MILP problem 
Personal 
Vehicles 

Links 
1-2 3-2 4-2 1-3 2-3 5-3 2-4 5-4 3-5 4-5 4-6 5-6 

Ti
m

e-
st

ep
 

t=1 4 0 0 0 4 0 0 0 0 0 0 0 
t=2 0 0 0 0 0 0 0 0 0 0 0 0 
t=3 0 0 0 0 0 0 0 0 0 0 0 0 
t=4 0 0 0 0 0 0 0 0 4 0 0 0 
t=5 6 0 0 0 2 0 4 1 0 0 0 3 
t=6 0 0 0 0 0 0 0 0 2 0 5 0 
t=7 0 0 0 0 0 0 0 0 0 0 0 2 
t=8 0 0 0 0 0 0 0 0 0 0 0 0 
t=9 0 0 0 0 0 0 0 0 0 0 0 0 

t=10 0 0 0 0 0 0 0 0 0 0 0 0 

Buses 
Links 

1-2 3-2 4-2 1-3 2-3 5-3 2-4 5-4 3-5 4-5 4-6 5-6 

Ti
m

e-
st

ep
 

t=1 0 3 0 6 0 0 0 0 3 0 0 0 
t=2 0 0 0 0 0 0 3 0 0 0 0 0 
t=3 0 3 0 3 0 0 0 0 0 0 0 0 
t=4 0 0 0 0 0 0 0 0 0 0 3 3 
t=5 0 0 0 3 0 0 0 0 3 0 0 0 
t=6 0 0 0 0 0 0 3 0 0 0 0 3 
t=7 0 0 0 2 0 0 0 0 2 0 3 0 
t=8 0 0 0 0 0 0 0 0 0 0 0 2 
t=9 0 0 0 0 0 0 0 0 0 0 0 0 

t=10 0 0 0 0 0 0 0 0 0 0 0 0 

The first question is why these four public vehicles do not use link 2-4 to arrive at shelter 

4 at the end of time step 2 (travel time for link 2-4 at time t=1). To justify this evidence, note that 

the weight of evacuation for bus pick-up is 0.6 while that of node 2, which is the start point for 

personal vehicles, is 0.4 (See table 11). Therefore, the evacuation of buses at node 3 has priority 

over personal vehicles' evacuation at node 2. Six buses start their journey at time step 1 at node 3. 

Three of the buses use link 3-2 with travel time equal to 1. Since each link's maximum capacity is 

4, if the four personal vehicles choose to travel on link 2-4, these three buses could not enter link 

2-4 at the beginning of time step 2. Also, each shelter's capacity is limited, and fulfillment of the 

shelter capacity constraints depends on the dynamics of the travels over all time steps.  
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Figure 46. Graphical representation of the solution to the example TET MILP problem 

Note that this evacuation problem's objective is to minimize the total evacuation time and 

not minimize the net evacuation time. Another reason for this observation is that no waiting-in-

nodes constraint is introduced to this basic formulation. One can improve the results by allowing 

the waiting links at nodes. The following section develops a heuristic solution for the TET 

evacuation problem that can add the waiting in node property to the solutions. Also, a multi-

objective approach is followed to obtain Pareto-Fronts for travel time and overutilization of the 

shelters.   
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Chapter 7. A Heuristic Solution to the TET MILP Evacuation Model 

7.1. TET MILP limitations and the proposed heuristic solution's strengths 

The proposed TET MILP model does not include wait-on-link properties. This limitation 

imposes the vehicles to leave the second node of the link as soon as they use the allocated travel 

time for that link. In addition, the model uses predefined travel times. This travel time could be set 

to travel time associated with the at-capacity operation of the links, but this unnecessarily 

underestimates the capacity of the links, especially at the first stages of the evacuation operation. 

The capacity of the parallel routes is underrated as well. A possible solution to this problem is to 

solve the proposed MILP iteratively to consider travel time updates. However, it is highly probable 

that the travel times hover between the extreme values and prevent the model from converging. 

This problem can be overcome by gradually increasing the effect of travel times from previous 

iterations so that a considerable change in travel time does not influence the volumes on parallel 

routes. These solutions cannot guarantee the convergence of the model. On top of all the mentioned 

issues, the TET MILP problem cannot be solved for any real-case problem that considers 

evacuation at the state or city level unless a substantial link reduction and network analysis have 

been performed to achieve a suitable size for the link numbers in the network. The dynamic nature 

of the problem, which is implemented in equation 34, further escalates this issue. Therefore, a 

heuristic solution to the problem is developed in this section. This heuristic solution is based on 

the Genetic Algorithm (GA) and its multi-objective variant, i.e., Non-Dominated Sorting Genetic 

Algorithm II (NSGA-II). The main difference between the proposed algorithm and the previous 

GA-based algorithms is that the proposed framework can adapt to the dynamic nature of the 

problem and flexibility of leave orders. For example, the comprehensive evacuation model 

proposed by Goerigk et al. (2014) does not consider the dynamic travel time updates and assumes 
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that the operation is under peak volume pressure. This model would not allow the operators to 

control the highest capacity they would like to use. Also, their model assumes that the number of 

vehicles that will leave at each time is known, which is not realistic. We assume that it is impossible 

to estimate the vehicles' leaving times, and therefore, authorities must make the leave orders. The 

details of the assumptions will be mentioned later. 

7.2. Algorithm design and assumptions 

Since the proposed algorithm was first used on the previously mentioned simple toy 

network example, the heuristic algorithm will be mentioned on the same network. In the proposed 

algorithm, auxiliary demand links are no longer helpful and are removed from the network arcs. 

The network, for a simple example, is shown in figure 47. 

 

Figure 47. Simple network without an auxiliary source link used in developing the heuristic algorithm 

  The general idea is to develop an algorithm that heuristically allocates a path to predefined 

bus and personal-vehicle packets willing to initiate their travel at time zero to evacuate the risk 

area. Each path is constructed by links that connect the demand node to the auxiliary source node. 

Therefore, a set of predefined routes must be obtained before initiating the algorithm. We used 

three mechanisms to generate these paths based on the k simple shortest path algorithm Sedgewick 

(2001) suggested and later implemented in the NetworkX python library. A simple shortest path 

does not contain any loop, and each node appears just once. NetworkX package in Python is used 



 

96 
 

to calculate k shortest paths from each demand node to the auxiliary source node. First, for each 

shelter, simply k1 number of shortest paths (weighted by free-flow travel time and distance 

separately) are obtained from the demand node to the shelter node and preserved in a population 

set A. Second, starting from the shortest path in A, the routes are deleted iteratively, and the k2 

number of parallel routes to each deleted route is identified. We kept the ramps and necessary 

connectors within the network. These parallel routes are added to set A. Finally, starting from the 

shortest path in A, the routes are loaded by vehicles, and new shortest paths (weighted by travel 

time) are obtained from a partially loaded network and added to set A. These shortest paths are 

preserved in a python dictionary and are randomly assigned to each packet willing to leave the 

demand node at time zero. 

For the case of the simple example shown in figure 47, there are 10 and 14 personal vehicles 

and buses, and they need to be evacuated from demand nodes 2 and 3. For the sake of simplicity 

in this example, we assumed that each packet consists of a single vehicle, regardless of the vehicle 

type. Therefore, 24 packets must be evacuated from the hazard zones (node2 and node3). The 

initial population for the genetic algorithm contains n genotypes. Any of the 24 genes within each 

genotype preserves the information about the path randomly drawn from set A and reserved for 

the packet. The information for each gene is stored in a python dictionary and listed in a tuple. 

Figure 48 schematically shows a genotype representing a bus packet that leaves demand node 3 at 

time 0.  
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Figure 48. A typical Genotype and the information stored in each gene 

The "entry_leave" attribute for each gene represents the pairs of entry time and leave time 

(in time step units) for each link along the route. Link travel times for each newly generated gene 

are calculated assuming there are no traffic or capacity restrictions for any link along the route. 

These travel times are temporary and calculated based on free-flow speeds. After calculating initial 

free-flow-based travel times, the genotype is sorted from longest to shortest. The packet 

assignment for the first gene in the sorted genotype is based on the free flow speed. The travel 

times for the rest of the genes must be updated based on the updated capacity and timetable 

obtained from the previous gene assignment. For example, once the first packet is assigned to the 

first gene, the capacity and travel time are updated. Two tables must be updated after packet 

assignment for each gene: capacity and travel time. Figure 49 illustrates these tables for the toy 

network example shown in figure 47.  
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Figure 49. Capacity and timetables for the simple network 

The process of updating the capacity table and timetable consists of multiple steps shown 

in figure 50. The goal is to identify the entry-time and leave-time points for each link that emerges 

sequentially in a path assigned to a gene and update the capacity accordingly. Pairs of subsequent 

links are constructed, and each pair is considered separately for the assignment of a packet. The 

links are considered in the order that they appear in the path. For each pair of links, the algorithm 

scans the travel time in each time step and iteratively looks for a range of time steps in the capacity 

table so that their capacity does not restrict the packets from staying in the links. For example, in 

figure 50, the first available time steps for a packet of size 4 for the link (i, j) are time steps 4 and 

5. Therefore, in the first step, the entry to the first link is temporarily set to 4. In the second step, 

the algorithm scans the second link in the pair for the available time steps beyond time step 5, 

which are time steps 8, 9, and 10.  Time-step 8 is temporarily reserved as an entry time-point for 

the packet, which is the leave time-point for the link (i, j) as well (step 3). 

from to C1 C2 C3 C4 C5 C6 C7 C8 … 
5 6 100 100 100 100 100 100 100 100 … 
4 6 100 100 100 100 100 100 100 100 … 
3 2 4 4 4 4 4 4 4 4 … 
3 5 4 4 4 4 4 4 4 4 … 
2 4 4 4 4 4 4 4 4 4 … 
4 5 4 4 4 4 4 4 4 4 … 
2 3 4 4 4 4 4 4 4 4 … 
5 3 4 4 4 4 4 4 4 4 … 
4 2 4 4 4 4 4 4 4 4 … 
5 4 4 4 4 4 4 4 4 4 …                       

from to T1 T2 T3 T4 T5 T6 T7 T8 … 
5 6 0 0 0 0 0 0 0 0 … 
4 6 0 0 0 0 0 0 0 0 … 
3 2 1 2 3 1 1 1 1 1 … 
3 5 3 3 4 1 1 1 1 1 … 
2 4 2 2 3 1 1 1 1 1 … 
4 5 3 3 3 1 1 1 1 1 … 
2 3 3 3 2 1 1 1 1 1 … 
5 3 3 3 2 1 1 1 1 1 … 
4 2 3 2 4 1 1 1 1 1 … 
5 4 3 2 2 1 1 1 1 1 … 
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Figure 50. Steps to calculate the entry points for a link pair in a gene path (steps 1 and 2) and leave point for the first 
link in the link pair (step 3) 

Finally, the algorithm checks whether the link (i, j) supports the entry point for the link (j, 

k). Since the packet cannot enter the link (j, k) at time-steps 6 and 7, it must wait at the previous 

link (i, j). This is the final sanity check for the path to see if the previous link's capacity allows a 

packet of size 4 to wait in the link. This criterion is satisfied in the example shown in figure 50. If 

this criterion were not met, the entire search process would start from one time-step after the 

previously found entry-point for the link (i, j) (time-step 5). This approach is repeated for all pairs 

of the links that appear along the assigned path. The entry time step for the auxiliary link in the 
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path is reported as the travel time for the gene. The volume on the links at each timestep is 

calculated from the remaining capacity of the links. The associated travel times are estimated and 

stored within the updated timetables. One can calculate the travel times from the BPR function or 

any function that correlates the volume to the travel time. The other genes in the genotype are 

iteratively updated based on the updated information from the previous gene assignment. The 

entire process is repeated for all the genotypes within the initial population. 

The Genetic algorithm uses two primary procedures to evolve the initial population: 

Crossover and Mutation. Within the Crossover Step, a set of parents are randomly selected from 

the initial population to share a portion of their genes to create child genes. Our algorithm cuts the 

genes from two random indices in the genotype and mixes the genes from parents to generate six 

children out of the parent pairs. Figure 51 schematically shows this approach. 

 
Figure 51. Crossover and obtaining six children out of two parents 

The crossover procedure reassigns a new path to a predefined portion of the genes in the 

genotype. Note that once a new path is assigned to a gene, the travel time and capacity tables must 

be updated for the gene and all genes after it in the sorted genotype. The capacity of auxiliary links 

is set to the bed capacities of the shelters. Once a bed or a parking lot is assigned to a shelter, the 

algorithm reduces the auxiliary links' capacity for all time-steps. If the capacity of an auxiliary link 

becomes negative, the travel time increases to infinity, indicating a bad genotype. The negative 
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assignment is only allowed for the auxiliary links. A better approach to account for shelter 

capacities based on parking capacity is discussed in the following. 

Assuming that the shelter capacity follows the parking capacity around the shelter, one can 

design a multi-objective optimization algorithm to simultaneously minimize the total evacuation 

time and overutilization of the shelters' parking lots. Overutilization is modeled using the Gini 

index concept. Figure 52 schematically demonstrates the Gini index concept. 

 

Figure 52. Conceptual demonstration of the Gini index concept 

The perfect equality happens when none of the shelters overuse its capacity. Overuse of a 

shelter corresponds to attracting other shelters' share, leading to lower travel time. The curve that 

depicts the cumulative distribution of benefits against the cumulative distribution of resources is 

called Lorenz Curve. The smaller the area between the perfect equality and Lorenz curves, the 

lower the Gini index and inequality in the parking's share from arrived vehicles. Equation 43 

expresses this concept in a mathematical form. 
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𝑂𝑂𝑂𝑂 =
∑ (𝑚𝑚𝑚𝑚𝑚𝑚[𝑉𝑉𝑎𝑎𝑎𝑎 ,  𝐶𝐶𝑖𝑖] − 𝐶𝐶𝑖𝑖)𝑖𝑖

∑ 𝐶𝐶𝑖𝑖𝑖𝑖
 (43) 

Multi-objective heuristic algorithms can generate a Pareto-Front for the problems. This 

allows the decision-makers to choose a solution from a list of the solutions. The minimization of 

the travel time can lead to overutilization of the shelters, and the reverse is true as well. If one 

objective dominates the other, the decision-maker can find the best trade-off between travel time 

and overutilization. In this study, we used Non-Dominated Sorting Genetic Algorithm II (NSGA-

II) to solve the problem for the multiple solutions as a Pareto-Front. The readers can find the details 

of the NSGA-II in Deb et al., 2002. NSGA-II uses two mechanisms in identifying the Pareto fronts. 

Figure 53 shows these mechanisms for an example of minimization of a quadratic function with 

two objectives.  

 

Figure 53. NSGA-II sorting Mechanisms for an example of minimization of a quadratic function with two 
objectives, (a) Pareto-Front propagation, (b) Non-dominated sorting, and (c) crowding distance 

The first mechanism is the non-dominated sorting (figure 53-b). A solution x dominates all 

the solutions whose objective functions are evaluated to be worse than x. The solution dominating 

all other solutions belongs to the first Pareto-Front and is ranked 1. The second mechanism is the 

Crowding Distance (CD). Assuming that Oij is the objective function i for the solution j, the CD is 

calculated as follows: 
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𝐶𝐶𝐶𝐶𝑥𝑥 = ��
𝑂𝑂𝑥𝑥+1𝑖𝑖 − 𝑂𝑂𝑥𝑥−1𝑖𝑖

𝑂𝑂𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑖𝑖𝑖𝑖 𝑡𝑡ℎ𝑒𝑒 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
𝑖𝑖 − 𝑂𝑂𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑖𝑖𝑖𝑖 𝑡𝑡ℎ𝑒𝑒 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝑖𝑖 �
𝑖𝑖

 (44) 

A solution x with a higher CD is most suitable for the Pareto-Front and is more desirable 

to be kept in the selected solutions. Calculating the rank and CD for the population, the entire 

population is sorted based on the CD from highest to lowest first and then is sorted again based on 

the solutions' rank. The sorting order is critical as the rank is more important than the CD. Figure 

54 illustrates the flowchart for the entire algorithm. 

 

Figure 54. heuristic NSGA-II algorithm designed for the evacuation operation 

7.3. Results of the heuristic algorithm 

The heuristic solution procedure is first applied to the simple toy network, which is easier 

to explain and explore the results. In the first attempt, we did not consider the travel time update 
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to compare the algorithm's results with the exact solution from TET MILP. Figure 55 shows the 

algorithm results for very few iterations. We experienced that the algorithm quickly converges in 

the first iteration due to the low number of links in the network. Therefore, we used only five 

genotypes within the initial population to mimic the algorithm's behavior for extensive networks. 

The worst performance of the algorithm is reported in figure 55 (in terms of iteration numbers). 

 

Figure 55. Uni-objective GA algorithm results for a simple example for very few iterations 

The total travel time is lower than the travel time from the TET MILP. This observation is 

due to implementing the waiting-in-nodes in the heuristic algorithm, allowing shorter paths with 

the expense of waiting in link times. The second scenario is to implement the travel timetable 

updates. It is assumed that the travel time is a ceiling function of the volume on the links for the 

simple network. Figure 56 (a) shows the relationship between volume and travel time for the links.   

The travel time associated with free-flow speed is set to 1 for all links. Once the volume on the 

links increases by gene packet assignment, the travel time is updated and influences the next gene 

assignment. Figure 56 (b) shows the result of the algorithm with iterations. 
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Figure 56. (a) Impedance calculation for the toy network example, and (b) results of GA on toy network 
implementing time and capacity updates 

Table 13 shows the last updated timetable obtained from the best solution. Most of the 

links are loaded to their maximum capacity, which shows the model's success in simulating the 

actual evacuation operation. 

Table 13. Final updated timetable obtained from the best solution for GA applied to the toy network example 
from to T1 T2 T3 T4 T5 T6 T7 T8 T9 

5 6 0 0 0 0 0 0 0 0 0 
4 6 0 0 0 0 0 0 0 0 0 
3 2 4 4 4 4 4 3 2 1 1 
3 5 3 4 4 4 4 4 3 2 1 
2 4 4 4 4 3 3 2 2 2 1 
4 5 1 2 3 4 3 3 1 1 1 
2 3 4 3 2 1 1 1 1 1 1 
5 3 1 1 1 1 1 1 1 1 1 
4 2 1 1 1 1 1 1 1 1 1 
5 4 1 2 4 2 1 1 1 1 1 

The NSGA-II algorithm is applied to this example to evaluate the algorithm's performance 

in minimizing travel time and overutilization of the shelters. This analysis is mainly performed 

because from the previous run, the optimum result with zero overutilization was 8. We expect to 

achieve an optimum value equal to or below this value within a few iterations, which should be 

the first Pareto front.  Figure 57 shows the Pareto-Fronts obtained for seven iterations.  
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Figure 57. Pareto-Fronts obtained for seven iterations for Multi-variate NSGA-II applied to toy network 
implementing time and capacity updates 

As figure 57 shows, the algorithm was able to identify the optimum solution at iteration 3. 

Since the shelter overutilization converged to zero at a travel time that is global optimum, all 

solutions in Pareto-Fronts converged to a single solution at iteration 7.  The algorithm shows a 

healthy performance, and therefore it can be applied to a real case scenario where two census tracts 

located on the shoreline in Anne Arundel County, Maryland, must be evacuated. We assumed an 

overnight evacuation operation where the external travels could be ignored. Figure 58 shows the 

network and census tract boundaries for Anne Arundel County, the demand, shelters, auxiliary 

sink nodes, and auxiliary links. 
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Figure 58. Network for Anne Arundel County (from the MSTM model) and demand, shelter, and auxiliary sink 

nodes 

The main body of the road network is transferred from the Maryland Statewide 

Transportation Model (MSTM). The fraction of the MSTM network within Anne Arundel County 

boundaries is cropped. The node numbers and link properties are saved in a file, and the network 

is reconstructed in Python using the Networkx package. The shelters in Anne Arundel County are 

extracted from the Federal Emergency Management Agency website. The closest nodes to FEMA 

shelters are connected to shelters. The shelters are then connected to an auxiliary sink node outside 

Anne Arundel county. The distance and travel time for the auxiliary links are set to zero. The 

demand nodes (nodes 1 and 2) are assumed to be the same for bus and car vehicles and are located 

at the intersection of zone connector edges for each census tract. We iteratively deleted five of the 
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six auxiliary links and found the shortest paths from each demand node to the auxiliary sink node 

to obtain the shortest path set. We assumed that 3000 people needed to be evacuated from the two 

census tracts, and 7% and 5% of the population for nodes 1 and 2 require a bus for evacuation, 

respectively. The calculated packet size and packet number are presented in table 14. 

Table 14. Packet size and packet number calculated based on car-less people percentage and vehicle type 
Node 2 (5 % car-less) 

Vehicle 
Type 

Total 
evacuees Evacuees by required vehicle type Vehicle 

Count 
Packet 

size 
Packet 

number 
Bus 

3000 
150 3 1 3 

Personal Car 2850 712 5 143 
Node 1 (7 % car-less) 

Vehicle 
Type 

Total 
evacuees Evacuees by required vehicle type Vehicle 

Count 
Packet 

size 
Packet 

number 
Bus 

3000 
210 5 1 5 

Personal Car 2790 697 5 140 

The Bureau of Public Roads BPR function (Ortuzar and Willumsen, 1964) calculates the 

impedance for the links based on the free flow speed and link capacities. Equation 45 represents 

the impedance for a link a in the network.  

𝑡𝑡𝑎𝑎 = 𝑡𝑡𝑓𝑓𝑓𝑓𝑓𝑓 × �1 + 𝛼𝛼 �
𝑉𝑉𝑎𝑎
𝐶𝐶𝑎𝑎
�
𝛽𝛽

�  (45) 

α and β are hyperparameters estimated for and specific to each link type in the network. 

These parameters are directly used from the MSTM documentation, and they are presented in table 

15 for each facility type in the network. Equation 45 and the parameters in Table 15 are used to 

update each link travel time after each gene's packet assignment. 
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Table 15. MSTM Model BPR Function Parameters 
Link Type α β 

Interstate 0.7 8 
 Freeway 0.7 8 
 Expressway 0.7 8 
 Major Arterial 0.55 6 
 Minor Arterial 0.55 6 
 Collector 0.17 4 
Ramp 0.7 8 
Local 0.17 4 
Ramp 0.7 8 

The network consists of 2623 links (considering the six auxiliary links and all zone 

connectors). The developed algorithm's speed depends on the number of shortest paths derived 

and the mechanisms utilized to obtain these shortest paths. In our run, we derived 100 possible 

routes for each mechanism mentioned in section 6.4.1. For the initial population, we obtained 300 

genotypes and sorted them using the Non-dominated sorting algorithm. We get the top 60 solutions 

as a start point for the iterative crossover and mutation steps. The crossover in each iteration was 

randomly applied to 70% of the population, and the mutation was applied to 40% of the genotypes 

and performed on 20% of the randomly selected genes. We used parallel processing with a server 

that benefits from 60 cores. The crossover and mutation percentages are chosen so that precisely 

60 genotypes are generated from these mechanisms, and all cores of the computing machine can 

be utilized. The result of running the algorithm with a population of 60 genotypes for 50 iterations 

is presented in figure 59. 
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Figure 59. Results of running the algorithm with a population of 60 genotypes for 50 iterations 

As shown in figure 59, the first Pareto-Front is converging to a single line. Due to 

limitations in the usage of the server, we stopped the solution at iteration 50. It is evident in figure 

59 (50th iteration) that with 2% overutilization of the shelters, the total evacuation time was reduced 

by 20 time-steps (10 minutes). In this example problem, we assumed that the capacity of the 

shelters is equal to 250 vehicles. This capacity limit allows 0% overutilization for some solutions. 
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Chapter 8. Conclusion and Future Study Pathways 

8.1. Conclusions and highlights 

The evolution of transportation models through the activity-based model pathway has 

escalated the problem of micro-area level data needs. Activity models use person-level information 

and aggregate the travel forecasting to achieve a more realistic overview of travel situations for 

future years and probable scenarios. The usage of population-level details is not limited to the 

microscopic travel demand models. The development of accurate and reliable evacuation models 

is amongst the important problems that extensively rely on multivariate data at its micro area level. 

Sociodemographic data in its highest resolution exist from national surveys but are typically not 

available to the public researchers, hindering the models' development. This research suggested a 

complex yet easy-to-implement machine learning approach that allows generating a synthetic 

population while preserving the people's privacy.  

The sociodemographic data, by its nature, includes categorical and cardinal attributes, and 

many variable records in the data columns are discrete. Most statistical generative models consider 

the continuity of the variables as a base in their fundamental theory. Therefore, a robust technic is 

required to generate synthetic data of a discrete nature. To name an available technique and its 

restrictive properties, the applicability of the Copula generative model and its limitations in sample 

generation for multi-level information have been discussed. Then, Generative Adversarial 

Networks and a couple of their structural variants have been utilized to create synthetic 

sociodemographic data used in transportation problems. These variants employed Wasserstein's 

Earth Mover loss function to achieve stable models and prevent mode collapse issues seen when 

using the cross-entropy loss function. The outperformance of Wasserstein GANs in producing 

stable results and defeating the mode collapse problem has been shown by multiple examples. This 
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study showed that using complex models such as convolutional layers for the generative model 

could increase the stability of the model in converging to the minimum loss function. However, 

one should note that these models may take longer to train due to the heavy computational time 

required for training convolution parameters. Also, generating new samples from convolutional 

neural networks is quite cumbersome if the target population is large. 

The most important achievement of this study is the successful application of conditional 

WGANs to generate data for subareas of a larger geographical area in a standalone model. The 

suggested approach allows the authorities to develop a synthetic population for micro regions and 

make it available for public use. It should be noted that the model training for GANs requires 

skilled staff with experience in data science, computer science, and machine learning. Nowadays, 

the need and urgency for data scientists, data engineers, and machine learning engineers in 

agencies are felt. Therefore a substantial budget is allocated for hiring talents to design and train 

data-driven models. In addition, once a model is trained, it can be integrated with geographical 

user interfaces (GUI) so that the engineers can easily harness the potential of the black box trained 

models. 

On top of that, application programming interfaces (API) can be utilized for the cloud-

based utilization of synthetic information. The method can be used as an online tool to generate 

real-time synthetic information for any micro area. This approach can provide augmented data for 

any micro-area of interest and guarantee people's privacy. Beyond that, these data can be used to 

develop estimation models to predict other parameters. Since most generative approaches (e.g., 

Copulas) are only valid for continuous variables, the utilization of GANs will improve the results 

of such models. 
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The primary goal of this study was to provide population-level synthetic data feed for 

evacuation models. This dissertation has then been headed toward developing a new evacuation 

model that considers carless people in very detailed resolution to show an application of such 

population-level synthetic information. First, a comprehensive non-linear optimization model has 

been formulated for the bimodal evacuation of the flood zones. The highly nonlinear nature of the 

problem has been highlighted, and a new MILP formulation that accounts for the capacity change 

has been presented. The validity of the model has been examined using a small toy network. The 

toy network has been designed in a minimalistic fashion to track the results and compare the 

outcomes of different models.  Since the proposed exact deterministic models (including our 

model) are not usually time-efficient or computationally unsolvable for real problems, a heuristic 

Genetic algorithm-based solution has been developed to extend the applicability of the proposed 

solution to real-scenario evacuation problems. The GA algorithm has been upgraded to include 

Non-dominated sorting to simultaneously minimize the overutilization of the shelters and the total 

evacuation time. This algorithm can iteratively update the travel time and capacity of the links to 

consider the dynamic nature of the evacuation problems. Another significant contribution of this 

model is the model's capability to use evacuation orders for the cars willing to depart the hazard 

zone at time zero. Most research that applied GA-based solutions to evacuation problems lacks 

this crucial property. The lack of this property hinders the applicability of the models, as the 

peoples' departure time cannot be estimated beforehand. The proposed model successfully 

generated a Pareto-Front that covers an acceptable range of utilization status of the shelters and 

total evacuation time for a network with about 2600 links. The problem aimed to evacuate 6000 

cars from two census tracts in Anne Arundel County to 6 shelters away from the hazard zones 

overnight. Utilizing a Non-dominated Sorting Algorithm allows the decision-makers to decide on 
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the best trade-off between travel time and overutilization of the shelters, which is measured using 

the Gini coefficient concept. Applying the algorithm to Anne-Arundel county showed that 

allowing 2% overutilization of the parking lots would result in 40 minutes of time-saving for 

evacuation operation of the two census tracts. 

Although the heuristic technique proposed in this study can generate a series of reliable 

solutions for decision-makers, these models are not suitable for real-time strategies. The high 

computational time associated with the shortest path allocation and capacity constraints and their 

sanity checks obscures the models' ability to provide real-time solutions and suggestions. In 

addition, to achieve a reasonable run time, one may require to employ a server with multiple cores 

and high parallel computing resources.  

8.2. Future research suggestions 

The Generative Adversarial Neural Networks and their applications and research 

opportunities are endless. GANs are used in video processing, image processing, data 

augmentation, feature selection techniques, and imbalance data improvements. For example, the 

observations with minority labels can be augmented using a GANs model to enhance the 

application of imbalanced data in supervised learning tools. This study only generated a synthetic 

population for the data with nine attributes and showed the models' excellent performance. As an 

expansion of this study, we suggest using GANs to generate a synthetic population for high-

dimensional data. As a motivation, remember that GANs is used to create pictures of non-existing 

human in their most delicate details and resolution. Therefore, capturing the interdependencies 

among high dimensional data attributes should be achievable with GANs models. 

Many research avenues can be followed to improve the optimization models and the 

heuristic solution. One can add a contraflow strategy, allowing vehicle flows to use all network 
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links to their total capacity in one direction. The contraflow approach is a fruitful strategy for 

disaster cases where an all-around  statewide evacuation of an area is needed, and no vehicles can 

pass the risk zone. This is a common characteristic of flood strikes as the affected areas are close 

to the shorelines. The lanes of bidirectional links can be used in one direction if a lower evacuation 

time can be achieved. The problem can also benefit from a degree of freedom from direction 

assignments to each link lane. Two different approaches are proposed for future research to 

implement the contraflow strategy. 

The first approach is to redesign the network to represent each lane of a link as a standalone 

arc in the graph. Figure 60 illustrates the approach for an example link. Assume that the link from 

node i to j consists of n number of lanes. These lanes can be modeled in the network as n arcs with 

two auxiliary connector arcs linking them to node i and node j. The travel times at connectors are 

equal to 0 and do not impose any impedance to the objective function. The solution to the problem 

determines the flow direction for each arc. 

 
Figure 60. Network redesign to model contraflow 

This approach's advantage is that additional constraints for lane numbers are not necessary 

for implementing the contraflow strategy, which reduces the number of decision variables. This 

approach's disadvantage is generating a high number of links in the redesigned network that 

increases the problem's size. 
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The second approach adds contraflow constraints to the problem that identifies each lane's 

direction for each link as a new decision variable. These constraints have been described in 

equations 46-49.  

� �𝑙𝑙𝐹𝐹𝐹𝐹
𝑖𝑖,𝑗𝑗 + 𝑙𝑙𝐹𝐹𝐹𝐹

𝑗𝑗,𝑖𝑖 �
𝐹𝐹𝐹𝐹∈{𝑒𝑒,𝑔𝑔}

≤ ℒ𝑖𝑖𝑖𝑖   ∀(𝑖𝑖, 𝑗𝑗) ∈ 𝐴𝐴 (46) 

𝑙𝑙𝐹𝐹𝐹𝐹
𝑖𝑖,𝑗𝑗 ≤ ℒ𝑖𝑖𝑖𝑖   𝑌𝑌𝐹𝐹𝐹𝐹

𝑖𝑖,𝑗𝑗     ∀  𝐹𝐹𝐹𝐹 ∈ {𝑒𝑒,𝑔𝑔},  (𝑖𝑖, 𝑗𝑗) ∈ 𝐴𝐴    (47) 

� 𝑅𝑅𝑒𝑒𝑒𝑒𝑣𝑣 𝑥𝑥𝑣𝑣,𝑖𝑖,𝑗𝑗
𝑡𝑡  

𝑣𝑣∈{𝑝𝑝,𝑏𝑏}

≤ 𝜅𝜅𝑖𝑖𝑖𝑖𝑡𝑡 �𝑙𝑙𝑒𝑒
𝑖𝑖,𝑗𝑗 + 𝑙𝑙𝑔𝑔

𝑖𝑖,𝑗𝑗�    ∀(𝑖𝑖, 𝑗𝑗) ∈ 𝐴𝐴 (48) 

𝑥𝑥𝑝𝑝,𝑖𝑖,𝑗𝑗
𝑡𝑡 ≤ 𝜅𝜅𝑖𝑖𝑖𝑖𝑡𝑡 �𝑙𝑙𝑔𝑔

𝑖𝑖,𝑗𝑗�   ∀𝑡𝑡,  (𝑖𝑖, 𝑗𝑗) ∈ 𝐴𝐴 (49) 

Each lane is categorized into two classes of emergency and general-purpose lanes in this 

approach. Each link that connects node i to node j has ℒ𝑖𝑖𝑖𝑖 number of lanes. Equation 46 assigns 

𝑙𝑙𝐹𝐹𝐹𝐹
𝑖𝑖,𝑗𝑗  number of lanes to each link in the direction of i to j for each facility type. If for any reason, 

the assignment of a positive integer lane number for any facility types or directions is prohibited, 

equation 47 deprives the link for that specific lane by setting the parameter 𝑌𝑌𝐹𝐹𝐹𝐹
𝑖𝑖,𝑗𝑗 to 0. Equation 48 

makes sure that the emergency and general-purpose lanes are not overloaded beyond the lane 

capacity for each link. This formulation assumes that all lanes for each link have the same capacity, 

𝜅𝜅𝑖𝑖𝑖𝑖𝑡𝑡 , at each time-step. The maximum personal car flow that can use a link is restricted to general-

purpose lanes' capacity using equation 49.  

This research's focus and core element were to develop a synthetic population generator 

framework applicable in evacuation model development and planning. The suggested evacuation 

model was not compared with other existing evacuation models. This was partially due to different 

assumptions made and strategies employed during the development of different evacuation 

models. Still, some studies can be used to compare their results with the results of the proposed 
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study. Therefore, another roadmap to continue this research is designing multiple scenarios and 

comparing the results using different models. Also, we suggest the researchers apply the generative 

copula model and GANs model results to the proposed evacuation model and compare the 

outcome. The comparison can be reinforced by using the two synthetic data in more elaborated 

transportation models that directly use sociodemographic data. This approach can further reveal 

the models' strengths and weaknesses. 

To sum up, the research paths mentioned above are only a few suggestions that can extend 

the achievements of this study, and the scope of synthetic population generation and evacuation 

research requires considerable efforts to improve the existing models. 
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