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ABSTRACT 

Hurricanes, wildfires, floods, and earthquakes: these natural disasters remind us 

that humans are small and vulnerable. They destroy thousands of lives and properties, 

and the frequency of natural disasters is remarkably increased year to year. To reduce the 

negative impact of natural disasters, all the countries and regions around the world attach 

great importance to disaster response. Unfortunately, most natural disasters are 

inevitable, and resources like foods, medicines, and vehicles are always limited when 

natural disasters occur. Motivated by improving the efficiency and fairness, this thesis 

focuses on the preparedness and response stages of emergency management for better 

disaster response. It consists of two sections: analyzing the public’s attitudes towards the 

disaster response through social media and introducing the idea of ridesharing into 

disaster evacuations.  

Analyzing attitudes hidden in social media data, known as sentiment analysis, is 

crucial for government or relief agencies to improve disaster response efficiency, but it 

has not received sufficient attention. Therefore, this section implements Python in 

collecting Twitter data. Then, the public perception is assessed quantitatively by these 

opinioned texts, which contain information like the demand for targeted relief supplies, 

satisfactions of disaster response, and fear of the public. A natural disaster dataset with 

sentiment labels is created that contains 49,816 records about natural disasters in the 

United States. Second, this section proposes eight machine learning models for sentiment 

classification, which are the most popular models used in classification problems. Third, 



 

xiv 

the comparison of these models is conducted via various metrics. This section also 

discusses the optimization method of these models from the perspective of model 

parameters and input data structures. Finally, a set of real-world instances is studied from 

the standpoint of analyzing public opinion changes during different natural disasters and 

understanding the relationship between similar types of natural disaster and time series.  

In terms of disaster evacuation, timely evacuation is crucial to disaster response, 

as people can avoid suffering and loss of lives when a disaster happens. With the 

popularity of the sharing economy, ridesharing has grown in recent years, which has the 

advantage of reducing congestion, saving travel time, and optimizing transportation 

mode. Thus, we propose integrating the concept of ridesharing into evacuation. 

Participants involved in the ridesharing evacuation plan are divided into two groups 

based on drivers (volunteers who are willing to offer ridesharing services) and rider 

(victims who do not have a private vehicle for evacuation). Then, a mixed-integer 

programming model is proposed, in which individuals who have vehicles can choose 

either evacuate to a gathering location directly or provide a ride to carless individuals 

along the way when a disaster occurs. Furthermore, variants of the previous model are 

developed, which consider different vehicle capacities and the split evacuation route. In 

this research, a real-world case study based on Houston, Texas is used to validate these 

proposed models. A series of instances are designed to compare the evacuation efficiency 

using three indicators, evacuation percentage (EP), average evacuation percentage (AEP) 

and average travel distance (ATD).  
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1. INTRODUCTION 

Natural disasters, including floods, hurricanes, blizzards, wildfires, and tsunamis, 

have influenced human beings for a long time. According to Statista (2019), natural 

disasters have caused worldwide $ 232 billion in economic loss annually. The number of 

natural disasters and the economic loss of natural disasters has remarkably increased year 

to year worldwide since 1900, as shown in Figure 1. Worse still, natural disasters also 

have a life-changing impact on individuals. The number of deaths from natural disasters 

is about 60,000 people per year, responsible for 0.1% of global deaths (Ritchie & Roser, 

2014). Also, millions of people are being made homeless on average year due to natural 

disasters.  

The United States is vulnerable to natural disasters and has been exposed to a host 

of natural hazards (Vink et al., 2006). For example, in 2014, a tornado outbreak struck the 

central and southern United State, causing $1 billion damage, 35 fatalities, and more than 

200 injuries. An extratropical storm in 2015, triggered a high precipitation event causing 

historic flash flooding across North and South Carolina, which led to $2 billion economic 

losses and at least 25 deaths. A blizzard in 2016 led to $3 billion economic losses as well 

as more than 630,000 people involved. Hurricane Maria, Hurricane Irma, Hurricane 

Harvey ravaged the United States in 2017, causing widespread damage in Florida, Texas, 

and Louisiana. The Camp Fire destroyed North California in 2018, destroying more than 

18,000 structures. (Wikipedia, 2020). Although some disasters cannot be avoided, people 

can prepare and respond with well-organized methods and minimize the losses and 

fatalities caused by these disasters. Thus, well-organized methods and efficient 

management of natural disasters are desperately needed.  
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Figure 1. Natural Disasters in Worldwide 

Disaster operation management is an essential aspect of humanitarian relief work. 

It helps to improve disaster preparedness and reduce injuries, deaths, and losses. 

Numerous studies have focused on investigating disaster operations management. 

However, the uncertainty of natural disasters and the limitation of resources makes a 

challenge for effective humanitarian relief, requiring several inter-dependent decisions to 

be made and coordinated operations to be arranged quickly within a volatile, uncertain, 

and stressful environment (Farahani et al., 2020).  Hurricane Katrina was the costliest 

natural disaster in U.S. history and struck the United States in 2005. People realized that 

current disaster operation management is underprepared to address the growing concern. 

The rapidly changing disaster environment makes difficulties for emergency 

management. Furthermore, individuals’ requests and opinions are hard to be collected in 

advance due to technical limitations. Until a few years later, researchers found that social 

media promises to a bridge between victims and relief agencies regarding disaster 

information management. With the vigorous development of the sharing economy, 

people have also realized a strategy that can improve disaster response efficiency. 

This research focuses on two sections. First, machine learning techniques are used 
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to analyze public opinions on Twitter about natural disaster response. To reduce the 

negative impacts and the number of casualties caused by natural disasters, it is 

particularly important to understand the disaster information and situation timely or even 

in advance. Sentiment analysis, which uses natural language processing (NLP) 

systematically extracts, processes, and identifies textural information and is an efficient 

method to understand textual information. In recent years, social media data has been 

generated worldwide, and it has promoted individuals to communicate and share 

opinions, attitudes, interests, information, and other data through virtual communities and 

networks. Numerous studies analyze sentiment analysis on social media like extracting 

political orientation, predicting market trends, and improving the quality of services. 

However, it is a formidable task for a human reader to find the sentimental data hidden in 

the  massive quantity of social media information that is updated continuously. Machine 

learning techniques are accordingly proposed to improve big data analytics efficiency. 

This section develops a set of machine learning models to mine information during the 

disaster response. It conducts in-depth research on various natural disasters at different 

times for better disaster preparedness and response. 

Second, this research focuses on proposing a ridesharing evacuation plan for 

improving disaster response efficiency. As commodities like foods, medicines, and 

vehicles are limited when disasters occur, it is crucial to utilize resources and allocate aid 

according to different demands. For example, once disasters like hurricanes approach, 

cities’ transportation systems are damaged or even destroyed. How to effectively provide 

and utilize vehicles has become a critical issue of the disaster response. Ridesharing, 

which is about sharing cars with individuals having similar travel needs, is a novel 
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concept emerging within the sharing economy recently. This idea is extensively accepted 

worldwide due to major advantages like reducing traffic congestion and protecting the 

environment. However, few studies considered ridesharing in humanitarian relief. This 

part focuses on proposing the ridesharing evacuation plan for better disaster response. A 

basic ridesharing model (BRM) is developed, in which individuals can pick up carless 

people along their route to the gathering places for a public transport evacuation. In the 

BRM, we assume that vehicles have identical capacity and either all or none of the 

individuals can be picked up at each location. To be more realistic, these two assumptions 

are relaxed, and the capacitated ridesharing model (CRM) and the split ridesharing model 

(SRM) are proposed, respectively. These models can reduce thousands of casualties and 

capital expenditures in the disaster evacuation. 

The remainder of this thesis is organized as follows. Chapter 2 conducts a 

literature review about sentiment analysis in disaster response and ridesharing models of 

disaster response. Chapter 3 covers mining public opinion on Twitter about natural 

disaster response using machine learning techniques. This part includes the description of 

the disaster-related dataset, machine learning based research methodology, and the 

comparison of a set of case studies that are discussed from the perspective of 

performance metrics like confusion matrix and Receiver Operating Characteristic (ROC) 

graph. Chapter 4 is the second part of my study about ridesharing models of disaster 

response, which contains the mathematical formulation of ridesharing evacuation models, 

the validity of the ridesharing evacuation model, the efficiency of disaster response in 

multiple instances, and a real-world case study based on Houston, Texas. Finally, some 

conclusions are given in Chapter 5. 
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2. LITERATURE REVIEW 

2.1. Social Media in Disaster Response 

Social media has turned the web into a vast repository of data on many topics, 

which generates a potential source of information for science research (Batrinca & 

Treleaven, 2015). In recent decades, social media has become a critical information 

platform during natural disasters. Applications of social media in disaster response can be 

categorized into two types, situational awareness, and information sharing. Situational 

awareness identifies, processes, and comprehends critical elements of an incident or 

situation to provide useful insight into the time and safety-critical circumstances 

(Lindsay, 2011; Ragini et al., 2018). It can assist first responders in assessing the 

economic loss and victims’ needs. Information sharing is how people behave and share 

information on social media regarding various topics like natural disasters. It can provide 

individuals with a channel for communication. Both can be used for accelerating disaster 

response and alleviating devastations in natural disasters.  

When the costliest tropical cyclone on record Hurricane Katrina slammed into the 

U.S. in 2005, social media was insufficient in common information dissemination. (Beigi 

et al., 2016). It was not until 2010 that people understood that social media platforms 

could be used to update information related to natural disasters and disaster response. 

Later, social media has been widely used for better disaster management. For example, 

people used social media platforms like Twitter, Facebook, and YouTube to post 

fundraising information, resulting in $8 million in donations to the Red Cross in 2010 

Haiti earthquake (Gao et al., 2010). Hughes et al. (2014) studied online public 

communications by police and fire services during the 2012 Hurricane Sandy. They 
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found it is essential to consider the online discussions in future emergency management.  

Social media data has been used for warning individuals of emergency information and 

raising disaster relief funds for humanitarian organizations and governments in disasters, 

including Hurricane Irene (Mandel et al., 2012), Genoa flooding (Buscaldi & Hernandez-

Farias, 2015), and the Ebola outbreak (Odlum & Yoon, 2015). These studies successfully 

assisted humanitarian organizations in tracking, analyzing, and monitoring social media 

data related to disaster response (Calderon et al., 2014). Wang and Zhuang (2018) also 

investigated the rumor awareness and response behaviors of Twitter users during natural 

disasters. Lee et al. (2019) described the relationship among the precipitation deficit, the 

standardized precipitation index, the agricultural reservoir water storage deficit index, 

and news media data from agricultural drought-related news to evaluate the effectiveness 

of agricultural risk management using social media. Gabrielle et al. (2020) found that 

social media may be a unique way to detect dietary patterns and inform public health 

social media campaigns to advise people about stocking up on healthy, non-perishable 

foods ahead of natural disasters. 

However, these studies generally focus on a specific natural disaster, rather than 

analyzing the change of people’s opinions during different types of disasters. Moreover, 

they did not focus on the characteristic of public attitudes changing over time when 

facing a similar natural disaster. 

2.2. Sentiment Analysis 

Sentiment analysis, also called opinion mining, analyzes people’s opinions, 

sentiments, evaluations, appraisals, attitudes, and emotions towards entities, such as 

products, services, organizations, individuals, issues, events, topics, and their attributes 
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(Liu, 2012). There are many studies on the impact of public opinion based on social 

media for various purposes, such as extracting political orientation (Liu et al., 2016), and 

predicting market trends (Watanabe, 2015). In recent years, numerous researchers have 

conducted studies in sentiment analysis. Some researchers concentrated on developing 

sentiment analysis methods, and others focused on applications of sentiment analysis. 

Sentiment analysis has been studied for more than two decades, with the accuracy 

and complexity of the methods increasing over time. One of the most common ways to 

analyze sentiment is the lexicon-based method, which utilizes a dictionary of pre-tagged 

words. To be more specific, each word in a text is compared against the dictionary with a 

polarity score. Its polarity value is added to the total polarity score of the text. Generally, 

if the overall polarity score of a text is positive, then that text is classified as positive. 

Otherwise, it is classified as negative (Annett & Kondrak, 2008). Although naïve in 

nature, many variants of this lexicon-based method have been reported to perform better 

than chance. Examples of applications include, Hatzivassiloglou et al. (2000) focusing on 

using adjectives as indicators of the semantic orientation of text, Kennedy, and Inkpen 

(2006) using a classifier model in simulating the effect of linguistic context, and Asghar 

et al. (2017) indicating the drawbacks of the lexicon-based method. Therefore, 

researchers continue to update research methods for better performance. There is a 

researcher who performed lexicon-based sentiment analysis of tweets posted on Twitter 

during the disastrous Hurricane Sandy and visualized online users’ sentiments on a 

geographical map centered around the hurricane. Öztürk and Ayvaz (2018) explored 

attitudes towards the Syrian refugee crisis in a similar way. 
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With machine learning and big data analytics becoming popular, the other type of 

sentiment analysis method based on machine learning algorithms has been developed. 

Training data, one of the most important tasks in this method, helps machine learning 

algorithms understand how to make a classification. In general, supervised learning 

techniques that learn from labeled training data work better than unsupervised learning 

techniques since they make classification via direct feedback, instead of finding hidden 

structure in unlabeled data. Bai and Yu (2016) proposed a structured machine learning 

method to detect potential incidents implicated by victims’ negative emotions in the post-

disaster situation. Ragini et al. (2018) proposed a methodology to visualize and analyze 

people's sentiments affected by the disaster. Wang et al. (2020) developed a data-driven 

understanding of disaster dynamics in urban areas via Twitter data. Previous studies 

indicated the Naive Bayes algorithm and Support Vector Machines (SVM) algorithm are 

the most commonly employed classification techniques. The reported classification 

accuracy ranges between 63% and 82%, but these results are dependent upon the selected 

features. 

Because sentiment analysis is usually domain-specific, our research compares the 

performance of different supervised machine learning models based on the characteristics 

of the natural disaster dataset. Also, we will analyze the cause of this phenomenon. 

2.3. Disaster Evacuation 

There is increasing attention on studying evacuation planning since Hurricane 

Katrina when people realized that the insufficiency of the past evacuation process. 

During the hurricane, it was observed that there were unnecessary delays in the 

evacuation process caused by excess congestion on various road segments (Kulshrestha 



 

9 

et al., 2014). In destructive disasters like Hurricane Katrina, humanitarian agencies and 

governments paid less attention to public transport evacuation. However, it may cause 

challenges in an emergency to individuals who do not have cars or people who are 

dependent on public transit. Thus, studies related to public transport evacuation have 

been conducted extensively, which contain different topics like pickup location selection 

(Kulshrestha et al., 2014), route optimization (Sayyady & Eksioglu, 2010), and resource 

allocation (Aalami & Kattan, 2017). Since Hurricane Harvey happened in 2017, 

researchers realized that the evacuation plan based on private vehicle may be led to traffic 

congestions and gas shortage in urban areas (Sargsyan et al., 2017).  Therefore, people 

began to design evacuation plans that can both ensure fairness and efficiency. Numerous 

studies have presented comprehensive reviews of a network-based large-scale emergency 

evacuation planning and management. For the interested reader, we also sketch some 

papers for your reference, which include effective traffic assignment management 

strategies, network problem formulation, traffic simulation, and optimization models 

(Abdelgawad & Abdulhai, 2009; Wang & Sun, 2014; Bayram, 2016; Iliopoulou et al., 

2020).  

We found that optimization is one of the most used methodologies in evacuation 

planning problems, and some of the most relevant recent studies are reviewed. For 

example, Bish (2011) first considered public transport routing in an evacuation problem 

context, presenting two mathematical programming formulations. For a variant of this 

problem, Goerigk et al. (2013) proposed a branch-and-bound framework for the bus 

evacuation problem. Later, Zheng (2014) studied an evacuation problem based on public 

transit in which buses run continuously, based upon the spatial and temporal information 
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of evacuee needs. Pereira and Bish (2015) studied a bus evacuation problem where 

evacuees arrive at a constant rate of pickup locations. Minimizing the total waiting time 

at pickup locations was considered the objective function. Hu et al. (2016) introduced a 

nonlinear integer programming model and a genetic algorithm to plan a bus bridging 

evacuation to best plan the bus bridging evacuation in both upstream and downstream 

directions along a rail transit line during a disruption. Swamy et al. (2017) provided a 

mass evacuation strategy using public transportation before the strike of a hurricane. 

Vitali et al. (2017) presented an algorithm based on a greedy randomized adaptive search 

procedure to solve the bus evacuation problem. Shahabi and Wilson (2018) presented an 

iterative algorithm for a large-scale evacuation routing, considering unexpected roads’ 

capacity change during evacuation. Lakshay and Bolia (2019) developed mathematical 

models for mass evacuation problems, which helps the emergency manager in 

determining the need for vehicles and the optimal operating vehicle routes.  

Most existing research on disaster evacuation is focused on evacuation routes 

designing and vehicle scheduling. However, these studies assumed that evacuees have 

already gathered together before disaster evacuation. They ignored the challenge of 

considering how evacuees can arrive at these gathering places. Therefore, this research 

aims to propose a mixed-integer programming model that allows individuals with private 

vehicles to pick up others along their route to evacuate.   

2.4. Ridesharing 

Ridesharing is an emerging topic, which is defined as an arrangement in which 

drivers offer a ride service for passengers, especially through websites or applications. 

Many researchers have studied ridesharing over the past decade because it has advantages 
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like mitigating traffic congestion, reducing air pollutions, and optimizing transportation 

modes. For example, Martin and Shaheen (2011) evaluated the greenhouse gas emission 

impacts that result from individuals participating in ridesharing, which revealed 

ridesharing is a sustainable mode of transportation. Rayle et al. (2014) presented a 

comparison between traditional taxis and ridesharing services in San Francisco, 

indicating ridesharing provided more flexible, convenient, and efficient trips for 

individuals in urban areas. At the same time, many comprehensive reviews about 

ridesharing were proposed, including the growth of ridesharing in North America (Chan 

& Shaheen, 2012), the mechanism of ridesharing (Agatz et al., 2012), the future 

directions of ridesharing system (Furuhata et al., 2013). 

Apart from the perspective of providing social welfare for individuals, many 

studies also focus on commercial usage about ridesharing. For example, Agatz et al. 

(2011) developed optimization-based approaches that aim at minimizing the total system-

wide vehicle miles incurred by system users and their individual travel costs. Ma et al. 

(2013) defined a large-scale taxi ridesharing system for serving real-time requests and 

generating ridesharing schedules. Stiglic et al. (2015) designed an algorithm that 

optimally matches drivers and riders in large-scale ridesharing systems, such as Uber and 

Lyft. Fiedler et al. (2018) presented a mathematical model for real-time high-capacity 

ride-sharing systems, which incorporated the rebalancing of idling vehicles to areas of 

high demand. Braverman et al. (2019) optimized the ridesharing network utility from the 

perspective of scheduling the empty-car routing. Ma et al. (2020) proposed a novel cost 

function for a ridesharing system that considers the non-additive Origin-Destination (OD) 

based surge pricing strategy. Lei et al., (2020) proposed a multi-period game-theoretic 
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model that addresses dynamic pricing and idling vehicle dispatching problems in the on-

demand ridesharing systems with fully compliant vehicles.  

However, the advantages of ridesharing are much more than these. For example, 

the shared use of a transportation mode for passenger mobility and goods delivery allows 

users to request car rides through a smartphone application and charge rides based on 

distance and travel time, which reduces the volume of traffic networks and increase 

resource utilization. Until recent years, some researchers realized this research direction. 

Some pioneering studies analyzed the attitudes to sharing resources during disasters 

(Wong & Shaheen, 2019) and proposed practice-ready policy recommendations for 

public agencies to leverage shared resources (Wong et al., 2020). Only a few researchers 

like Naoum-Saway and Yu (2017), and Lu et al. (2020) integrated ridesharing into the 

disaster response and proposed mathematical models. Therefore, our research focuses on 

developing ridesharing evacuation models which can provide individuals with an 

efficient evacuation strategy. This evacuation strategy not only help people without 

vehicles reach to gathering places for public transport evacuation, but also provides 

humanitarian agencies insights on efficient evacuation plan and resource utilization. 
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3. MINING PUBLIC OPINION ON TWITTER ABOUT NATURAL DISASTER 

RESPONSE USING MACHINE LEARNING TECHNIQUES 

3.1. Background 

In recent years, social media like Facebook, YouTube, WeChat, Instagram, 

Reddit, and Twitter has proliferated worldwide, which facilitates individuals the 

communication and sharing of opinions, attitudes, interests, information, and other data 

via virtual communities and networks (Kietzmann et al., 2011). The emergence of these 

social media has spawned the user-generated content platform, which not only provides 

us opportunities to develop a computational technique for social media mining but also 

finds an original way for social science research (Lindsay, 2012). Big data created from 

social media like Twitter has made a prominent position in almost all industries and 

sectors from individuals to government stakeholders, nongovernment institutions, private 

businesses, volunteering organizations, and so on. Nowadays, there has been a spurt of 

interest in the role of social media data and sentiment analysis in disaster response, since 

several natural disasters have struck across the globe every year, causing large-scale 

suffering and economic losses to the public (Beigi et al., 2016). In 2017 for instance, 

when Hurricane Harvey hit the Gulf of Mexico, thousands of national guard troops, 

police officers, rescue workers and civilians because victims of Hurricane Harvey turned 

to social media for help (Li et al., 2019). The systematic use of social media can be 

beneficial for emergency management by receiving victim requests for assistance, 

monitoring user activities, and updating the public situational awareness among others 

(Lindsay, 2012). 
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Administers can formulate corresponding strategies based on learning and 

analyzing sentimental data, including public interests, opinions, and attitudes. However, 

it is a formidable task for a human reader to find the sentimental data hidden in the 

constantly updated and massive quantity of social media information. Consequently, 

automated sentiment discovery and summarization systems are needed. Sentiment 

analysis, sometimes also called opinion mining, grows out of this need. It is a popular 

subdiscipline of the broader field of Natural Language Processing (NLP), which is 

concerned with the classification of texts based on the expressed opinions or sentiments 

of the authors regarding a particular topic (Pang & Lee, 2008). Advantages such as 

saving capital expenditures (e.g., time, money, and labor), tracking more people 

satisfactions, and identifying vital sentimental triggers making sentiment analysis one of 

the hottest topics for machine learning, especially in the field of NLP. Although many 

studies are focusing on sentiment analysis, most of them have relied on the existing 

sentiment analysis packages or NLP libraries. Moreover, these studies did not adjust 

parameters settings for machine learning models or algorithms when they are classifying 

sentimental data. However, machine learning models are usually domain specific. In 

other words, machine learning models do not work well on topics or text genres that are 

different. Therefore, researchers must develop different machine learning models for their 

research purposes. As existing research rarely focused on disaster-related studies, one 

major goal of this paper is to propose several machine learning models for natural 

disasters. 
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3.2. Research Dataset 

3.2.1. Natural Disaster Selection 

We first select five different types of natural disasters that include a Tornado that 

occurred in April 2011, a series of floods that happened in September 2013, a Blizzard in 

January 2016, Hurricane Harvey in August 2017, and a set of wildfires which occurred in 

August 2018. We then focus on a specific type of disaster – hurricane, because it is one 

of the most common and deadliest natural disasters in the United States. To be more 

specific, we selected Hurricane Sandy (October 2012), Hurricane Matthew (September 

2016), Hurricane Harvey (August 2017), Hurricane Michael (October 2018), and 

Hurricane Dorian (August 2019). Details obtained from Wikipedia, such as duration of 

disasters, economic loss, and fatality, are listed in Table 1 as follows. We find a positive 

correlation between the economic loss and the fatality. 

Table 1. Details of Natural Disasters 
Disaster Duration Economic Loss 

($ billion) 
Fatality 

Tornado 04/25/2011 ~ 04/28/2011 11 324 
Hurricane Sandy 10/22/2012 ~ 11/02/2012 68.7 233 

Floods 09/09/2013 ~ 12/31/2013 1 8 
Blizzard 01/22/2016 ~ 01/24/2016 3 55 

Hurricane 
Matthew 09/28/2016 ~ 10/10/2016 16.4 603 

Hurricane Harvey 08/17/2017 ~ 09/02/2017 125 107 
Wildfires 08/06/2018 ~ 11/08/2018 3.5 103 

Hurricane Michael 10/07/2018 ~ 10/16/2018 25.1 74 
Hurricane Dorian 08/24/2019 ~ 09/10/2019 4.68 84 

 

3.2.2. Data Collection 

In this section, Twitter was chosen as the primary sentiment analysis object, as 

Twitter is a popular microblog that has 140 million active users posting more than 400 

million tweets every day. TwitterScraper was used to retrieve the content of Twitter in 
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this section. The keywords that are used to collect this data are combinations of natural 

disasters and essential needs. The data was collected in the specified time frame, which is 

extended by one week before and after the duration of natural disaster. Examples of 

keywords and time frames used for data collection are listed in Table 2 as follows. 

Table 2. Examples of Keywords Used for Data Collection 
Disaster Keyword Time Frame 

Tornado tornado + housing/transportation/food/medical 
supplies 

04/18/2011 - 
05/05/2011 

Hurricane 
Sandy 

hurricane sandy + 
housing/transportation/food/medical supplies 

10/15/2012 - 
11/09/2012 

Floods floods + housing/transportation/food/medical 
supplies 

09/02/2013 - 
01/07/2014 

Blizzard blizzard + housing/transportation/food/medical 
supplies 

01/15/2016 - 
01/31/2016 

Hurricane 
Matthew 

hurricane matthew + 
housing/transportation/food/medical supplies 

09/21/2016 - 
10/17/2016 

Hurricane 
Harvey 

hurricane harvey + 
housing/transportation/food/medical supplies 

08/10/2017 - 
09/09/2017 

Wildfires wildfires + housing/transportation/food/medical 
supplies 

07/31/2018 - 
11/15/2018 

Hurricane 
Michael 

hurricane michael + 
housing/transportation/food/medical supplies 

09/30/2018 - 
10/23/2018 

Hurricane 
Dorian 

hurricane dorian + 
housing/transportation/food/medical supplies 

08/17/2019 - 
09/17/2019 

 

3.2.3. Qualitative Analysis 

The determination of positive and negative sentiment will widely differ based on 

the subject and perspective. To simplify the process, we only study positive and negative 

attitudes in this paper in which the positive attitude is assigned the label of 0, while the 

negative attitude is assigned the label of 1. Table 3 presents some examples. 

Table 3. Examples of Sentimental Labels 
Label Tweet 

Positive  (1) “I am so happy that the Red Cross offers shelters for us” 
(2) “Uber offers free rides to tornado victims staying in shelters” 

Negative (1) “Stores are empty like no food anywhere” 
(2) “Why the governor has not given any evacuation instructions?” 
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3.2.3.1. Analysis for Different Types of Natural Disasters 

First, we have collected a total of 23,237 tweets, of which Hurricane Harvey in 

2017 has the most substantial proportion (32%), followed by Wildfires in 2018 (20%), 

Blizzard in 2016 (17%), Floods in 2013 (16%) and Tornado in 2011 (15%). Figure 2. 

show that the number of negative tweets is higher than positive’s regarding different 

natural disasters, which indicates that the government and disaster relief agencies need to 

improve their disaster management and policies in general. Besides, we also find that the 

worse the damage (in terms of economic loss and fatality) of disasters correlates with a 

higher the number of positive attitudes. For example, although Hurricane Harvey causes 

the worst damage to the public in these disasters, people have the highest number of 

positive attitudes to it. The reason for this phenomenon reveals that humanitarian 

organizations may be capable of creating an effective disaster response plan. Thus, we 

can use social media as a channel to obtain more data that is conducive to disaster 

response. 

 
Figure 2. Number of Tweets in Different Natural Disasters 
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Second, we compare the number of tweets regarding different essential needs to 

explore public opinion further. We find that essential needs, which the general care most 

about, change in various natural disasters. For example, Figure 3. illustrate that people 

convey their most concerns on housing, transportation, and food when the Tornado, 

Floods, and Hurricane Harvey happened, respectively. Therefore, humanitarian 

organizations should prepare appropriate rescue plans and essential relief supplies for 

these different situations. Meanwhile, we find transportation is the most emergent need in 

these relief supplies, which indicates that individuals need   evacuation from the area that 

contains an ongoing threat to lives and property. Therefore, transportation sectors in the 

United States should pay more attention to traffic planning during emergency relief. 

 
Figure 3. The Proportion of Tweets Regarding Different Essential Supplies 
 

Third, we conduct an in-depth analysis of public attitudes about different essential 

needs. We find that although the public has negative attitudes towards all these necessary 

relief supplies, the share of negative views is different. For example, the public has the 

largest share of negative attitudes on transportation for a 2011 Tornado, medical supplies 

for Hurricane Matthew in 2016, and food for Hurricane Harvey in 2017. It can be seen 
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that people have disparate levels of essential needs when natural disasters happen, so 

relief organizations should provide corresponding plans to natural disasters for a 

reasonable and efficient action of disaster response. Figure 4 (a) – (e) present the details, 

which helps us provide targeted assistance for victims. 

 
(a) 2011 Tornado 

 
(b) 2013 Floods 

 

 
(c) 2016 Blizzard 

 

 

 
(d) 2017 Hurricane 

 

 
                   (e) 2018 Wildfires 

 
Figure 4. Public Attitudes towards Essential Needs 
 

Lastly, we focus on studying the number of people and timing in which they 

publish their sentimental tweets on Twitter. Figure 5. (a) – (e) depict that people have 
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various trends for posting their tweets. For example, the public is likely to post tweets 

during the natural disasters such as the Tornado in 2011 and the Blizzard in 2016. 

However, people are intended to share their opinions after the period of the disaster for 

Wildfires in 2018. We assume this phenomenon is related to the attributes of different 

natural disasters. The public can have more time for disaster preparedness if natural 

disasters can be forecast (e.g., tornado, hurricane, and blizzard), and they will post their 

attitudes during the duration of disasters. In contrast, when people facing unpredictable 

hazards (e.g., wildfires and floods), they have the most concern about evacuating the 

hazardous area, and they are intended to convey their opinions later on.  

 
(a) 2011 Tornado 

 

 
(b) 2013 Floods 

(c) 2016 Blizzard 
 

(d) 2017 Hurricane 
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                    (e) 2018 Wildfires 

 
Figure 5. The Number of Tweets in Different Natural Disasters 
 

3.2.3.2. Analysis for the Identical Type of Disaster 

This section also analyzes five hurricanes in the United States. We explore the 

same type of natural disaster that focuses on a time series analysis. This section has 

collected a total of 26,579 tweets of which the Hurricane Harvey has the most substantial 

proportion (29%), followed by Hurricane Dorian (27%), Hurricane Matthew (20%), 

Hurricane Michael (16%) and Hurricane Sandy (8%). The number of positive and 

negative tweets obtained from Twitter are shown in Figure 6. we find that the total 

number of posted tweets increases over time which indicates more and more users 

publish their opinions on social media during the process of disaster relief. Accordingly, 

it also highlights the significance and contribution of this section – we can improve 

disaster response efficiency by mining public opinion on Twitter about natural disasters.  
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Figure 6. Number of Tweets for Hurricanes 

 
Second, Figure 7. illustrate that although we study an identical type of natural 

disaster – hurricane, people also have different essential needs. However, we find that the 

proportions of food, housing, transportation, and medical supplies are similar, which 

account for nearly 30%, 30%, 30%, and 10 % of the total tweets, respectively. 

Accordingly, we consider that people affected by the identical natural disaster have a 

similar public opinion regarding essential relief supplies, which means analyzing 

attitudes from historical data can primarily provide an effective method of specific 

disaster response in the future. 
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Figure 7. Proportion of Tweets Regarding Different Essential Needs 
 

Third, in the analysis of public attitudes towards essential relief supplies in this 

identical type of natural disaster, Figure 8. (a) – (e) presents that the proportion of 

positive attitudes towards essential relief supplies has increased over the years. It can 

seem that the effectiveness of disaster response has improved year by year. Thus, first 

responders should continue to draw on their experiences from past natural disasters to 

make a better disaster management. 

 

 
(a) 2012 Hurricane Sandy 

 

 
(b) 2016 Hurricane Matthew 
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(c) 2017 Hurricane Harvey 

 
(d) 2018 Hurricane Michael 

  

 
              (e) 2019 Hurricane Dorian 

 
Figure 8. Public Attitudes towards Essential Relief Supplies 
 

Finally, Figure 9. (a) – (e) demonstrate that people are intended to post their 

attitudes at different times. It is most likely that calamities caused by hurricanes do not 

occur immediately, and the public are spending time evacuating instead of sharing tweets 

when a hurricane occurs. Therefore, at this point researchers can obtain public opinions 

after a hurricane happens. A real-time data analysis platform can be built to make it easier 

for the public to exchange information and promote disaster response to relief goods.  

 
(a) 2012 Hurricane Sandy 

 

 
(b) 2016 Hurricane Matthew 
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(c) 2017 Hurricane Harvey 

 
(d) 2018 Hurricane Michael 

 

 
             (e) 2019 Hurricane Dorian 

 
Figure 9. The Number of Tweets in the Identical Type of Natural Disasters 
 
3.3. Machine Learning Models for Sentiment Analysis 

The proposed machine learning models for sentiment analysis consist of five 

tasks: data collection, data preprocessing, learning, evaluation, and prediction. Data 

collection has been introduced in the previous section, and we will present the remaining 

tasks in this section. Figure 10. shows the workflow for developing machine learning 

models for sentiment analysis. 
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Figure 10. Workflow for Developing Machine Learning Models for Sentiment Analysis 
 

3.3.1. Data Preprocessing 

3.3.1.1. Data Cleaning 

The quality of the dataset affects how well a machine learning model can learn 

significantly. Therefore, we must make sure to examine and preprocess a dataset before 

we feed it to a learning model. In general, the raw Twitter data contains HTML markup 

as well as punctuation and other special characters. For simplicity, this study removes all 

punctuation marks, weblinks, and useless information in the raw Twitter data. To 

accomplish this task, we will use Python’s regular expression (regex) library. Then we 

need to split the raw tweet into individual words for further data preprocessing, such as 

modifying individual words to their root forms, converting the letters of each word to 

lowercases, and removing stop-words. Stop-words are those words that are extremely 

common in all sorts of texts and probably bear no useful information that can be used to 

distinguish between different classes of documents. Examples of stop-words are “is”, 

“and”, “has”, and “like”. The Natural Language Toolkit (NLTK) is a powerful package 

for python to implement cleaning, which is used in this research to accomplish the data 

preprocessing task.  



 

27 

3.3.1.2. Feature Vector 

We have to convert categorical data, such as text or words, into a numerical form 

before we can pass it on to a machine learning model. In this section, we use a useful 

technique called term frequency-inverse document frequency (tf-idf) that can be used to 

transform words into feature vectors. The tf-idf can be defined as a product of the term 

frequency and the inverse document frequency: 

 

tf − idf(𝑡, 𝑑) = 𝑡𝑓(𝑡, 𝑑) ∗ 𝑖𝑑𝑓(𝑡, 𝑑) (1) 

  

where 𝑡𝑓(𝑡, 𝑑) is the term frequency, which indicates the number of times that a 

term 𝑡 occurs in a document 𝑑. 	𝑖𝑑𝑓(𝑡, 𝑑) is the inverse document frequency and can be 

calculated as follows: 

 

𝑖𝑑𝑓(𝑡, 𝑑) = 𝑙𝑜𝑔
𝑛!

1 + 𝑑𝑓(𝑑, 𝑡) (2) 

 

where 𝑛! is the total number of documents, and 𝑑𝑓(𝑑, 𝑡) is the number of 

documents 𝑑 that contain the term 𝑡. Note that adding the constant 1 to the denominator 

is optimal and it serves the purpose of assigning a non-zero value to terms that occur in 

all training samples. The log is used to ensure that low document frequencies are not 

given too much weight.  
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3.3.2. Learning 

To compare the performance of different machine learning models, we use eight 

common and popular models to classify the natural disasters datasets into positive and 

negative attitudes. These machine learning models include Logistic Regression, Naïve 

Bayes, Decision Tree, Support Vector Machine (SVM), KNeighbor, Random Forests, 

Adaboost, and Multiple Neutral Network. For each disaster, we divide the entire dataset 

into training and testing categories, with the training set accounting for 30% of the total 

dataset and the testing set accounting for the remaining of the dataset. As shown in Figure 

11. below, each tweet has two features: X represents the text of the tweet, and Y 

represents the sentimental label of the tweet. In the learning task, we focus on these two 

features of the dataset and then we can input the values of X and Y into different models 

for training. 

 
 

Figure 11. Features of Tweets 
 

3.3.3. Model Evaluation 

This chapter uses a GridSearchCV object to find the optimal set of parameters for 

these training models using 5-fold stratified cross-validation. The GridSearchCV is a 

process of selecting the values for a model’s parameters that maximize the accuracy of 

the model, and the cross-validation is a process of training a model using a set of data and 

testing it using a different set. We need to evaluate our models because it helps us better 

use our data, and it gives us much more information about our algorithm’s performance. 
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Last but not least, this procedure can effectively prevent the problem of underfitting and 

overfitting. For example, the logistic regression model contains parameters such as 

penalty, c-value, and the range of n-gram. We can hardly find the optimal parameter 

combination of the logistic regression model manually, while GridSearchCV allows us to 

fit a model including an arbitrary number of transformation steps and apply it to make 

classification about new data. 

3.3.4. Prediction 

The data is cleaned according to the data preprocessing task is given as input to 

the machine learning model, which has been optimized by model evaluation task. The 

prediction results of different machine learning models are evaluated by calculating 

Confusion Matrix and plotting Receiver Operating Characteristic (ROC) graphs. 

3.3.4.1. Confusion Matrix 

The confusion matrix is a square matrix that reports the counts of the True 

Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN) 

predictions of a machine learning model, as shown in the Figure 12. More detail is 

displayed in Appendix A: Confusion Matrix of Machine Learning Models. 

 

 
Figure 12. Confusion Matrix 
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In a confusion matrix, these four main metrics for measuring the performance of a 

classification model are as follows. Accuracy (ACC) is the general information about 

how many samples are classified correctly. Precision (PRE) is a fraction of the classified 

text that are relevant. Recall (REC) is a fraction of the classified text that are retrieved. 

F1-score (F1) is the harmonic mean of PRE and REC. These metrics can be calculated as 

follows. 

 

𝐴𝐶𝐶 =
𝑇𝑃 + 𝑇𝑁

𝐹𝑃 + 𝐹𝑁 + 𝑇𝑃 + 𝑇𝑁 (3) 

  

𝑃𝑅𝐸 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 (4) 

  

𝑅𝐸𝐶 =
𝑇𝑃
𝑃 =

𝑇𝑃
𝐹𝑁 + 𝑇𝑃 (5) 

  

𝐹1 = 2 ∗
𝑃𝑅𝐸 ∗ 𝑅𝐸𝐶
𝑃𝑅𝐸 + 𝑅𝐸𝐶 (6) 

 

Tables 4 - 5 show the results of the natural disaster dataset classification using 

different machine learning models. We find that the Naïve Bayes model has the best 

average prediction accuracy, followed by the Logistics Regression model, Random Forest 

model, AdaBoost model, SVM model, KNN model, MNN model, and Decision Tree 

model. It indicates that machine learning models, like linear and logistic models, have 

higher classification accuracy than complicated machine learning models like ensemble 
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models and deep learning models regarding the text classification problem like sentiment 

analysis. This is most likely that complicated machine learning models are better at 

dealing with complex problems like image and audio processing. Meanwhile, the amount 

of data in this section is limited so that more rudimentary machine learning models may 

obtain a better classification result. Also, we find that several metrics can be used to 

measure a model and they can tell different stories about our machine learning models. 

Generally, accuracy is the most intuitive performance measure, which is a ratio of 

correctly predicted samples to the total observations. However, accuracy cannot tell all 

the features of a machine learning model, especially when the dataset is imbalanced. For 

example, in Table 4 we find that Naïve Bayes model has a high recall and precision value 

regarding both positive and negative reviews, which indicates the class is perfectly 

handled by the model. However, models like SVM, Adaboost, and MNN have either a 

low recall and high precision value or high recall and low precision value, which means 

the model cannot detect the class well but is highly trustable when it does or the class is 

well detected, but the model also includes other points  in it. Thus, we introduce the 

Receiver Operating Characteristic (ROC) graphs for further analysis. 

Table 4. Accuracies of the Classification 

 Naïve 
Bayes 

Logistic 
Regression 

Decision 
Tree SVM Average 

Tornado 0.94 0.73 0.66 0.75 0.74 
Hurricane 

Sandy 0.97 0.85 0.78 0.81 0.83 

Floods 0.97 0.73 0.65 0.78 0.78 
Blizzard 0.98 0.89 0.78 0.90 0.88 
Matthew 0.95 0.95 0.89 0.91 0.91 
Hurricane 

Harvey 0.90 0.87 0.75 0.84 0.82 

Hurricane 
Michael 0.98 0.91 0.80 0.88 0.89 

Wildfires 0.99 0.93 0.87 0.92 0.91 
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Hurricane 
Dorian 0.95 0.93 0.91 0.93 0.92 

Average 0.96 0.87 0.79 0.86  

 KNN Random 
Forest AdaBoost MNN Average 

Tornado 0.64 0.77 0.73 0.70 0.74 
Hurricane 

Sandy 0.78 0.80 0.82 0.81 0.83 

Floods 0.77 0.78 0.76 0.81 0.78 
Blizzard 0.92 0.93 0.92 0.68 0.88 
Matthew 0.87 0.93 0.95 0.83 0.91 
Hurricane 

Harvey 0.68 0.85 0.82 0.84 0.82 

Hurricane 
Michael 0.87 0.88 0.91 0.87 0.89 

Wildfires 0.94 0.94 0.92 0.75 0.91 
Hurricane 

Dorian 0.91 0.93 0.92 0.88 0.92 

Average 0.82 0.87 0.86 0.80  
 

3.3.4.2. Receiver Operating Characteristic (ROC) Graphs 

Receiver Operating Characteristic (ROC) graphs are a useful tool to select models 

for classification based on their performance with respect to the FPR (False Positive 

Rate) and TPR (True Positive Rate), which are computed by shifting the decision 

threshold of the classifier. The diagonal of a ROC graph can be interpreted as random 

guessing, and classification models that fall below the diagonal are considered as wore 

than random guessing. A prefect classifier would fall into the top left corner of the graph 

with a TPR of 1 and FPR of 0. Based on the ROC curve, we can then compute the so-

called ROC Area Under the Curve (ROC-AUC) to characterize the performance of a 

classification model. The True Positive Rate (TPR) and False Positive Rate (FPR) are 

performance metrics that are especially useful for imbalanced class problems. 
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𝐹𝑃𝑅 =
𝐹𝑃
𝑁 =

𝐹𝑃
𝐹𝑃 + 𝑇𝑁 (7) 

  

𝑇𝑃𝑅 =
𝑇𝑃
𝑃 =

𝑇𝑃
𝐹𝑁 + 𝑇𝑃 (8) 

  

Here are three examples of the ROC-AUC graph in Figure 13. On the left, the 

model has to sacrifice a lot of precision to get a high recall. On the right, the model is 

highly effective, which means it can reach a high recall while keeping a high precision. 

More details are displayed in Appendix B: ROC-AUC Graphs of Machine Learning 

Models. 

 

   
   

Figure 13. Examples of ROC-AUC Graphs 
 

Since the public has more negative reviews than positive reviews, and the analysis 

of negative reviews helps us improve the efficiency of disaster relief, negative reviews 

are assigned the label of 1. Therefore, the True Positive Rate (TPR) and False Positive 

Rate (FPR) are calculated based on negative reviews. In our research, comparison of 

different ROC-AUC values is made. We find that that the Naïve Bayes model has the 

best average ROC-AUC value, followed by the Logistics Regression model, Random 

Forest model, SVM model, AdaBoost model, MNN model, KNN model, and Decision 
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Tree model. This result is almost the same as before when we compare different 

prediction accuracies, which validates our previous assumption – the linear and logistics 

machine learning models have a better classification performance in terms of sentiment 

analysis. In addition, the analysis results illustrate that input data can affect the 

performance of classification. For example, when classifying tweets using the Hurricane 

Matthew and Hurricane Dorian datasets, which have less noise, we can obtain a higher 

ROC-AUC value than others. Therefore, whether the collected data is clean is also one of 

the major factors that affect the classification performance of the machine learning 

model. Finally, we find that machine learning models’ performances are closely related to 

their parameters. For example, when using GridsearchCV and cross-validation to find the 

optimal settings of the model, it is difficult to consider all the combinations of parameters 

because some parameters are continuous values (like c-value in logistic regression and n-

estimators in random forests). Consequently, if the user wants to evaluate all the 

combinations, the computational time will tend to infinity. In practice, people always 

specify an interval for these continuous parameters to avoid this problem. However, they 

are likely to miss the optimal settings of the model so that we cannot conclude the Naïve 

Bayes model must perform better than other machine learning models. 
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4. RIDESHARING EVACUATION MODELS OF DISASTER RESPONSE 

4.1. Background 

As one of the most significant disaster response activities, evacuation can mitigate 

the adverse effects of natural disasters, such as suffering and loss of lives for individuals. 

However, resources like vehicles are usually insufficient. Therefore, improving 

evacuation efficiency with limited support is of great importance. 

The field of disaster evacuation has been extensively studied. Most existing 

studies have focused on public transport evacuation, such as proposing public transport 

evacuation plans for people without access to a private vehicle (Sayyady & Eksioglu, 

2010) and analyzing public transport plans in different disaster scenarios (Gao et al., 

2019). These studies assumed that people have already been gathered at specific places 

before the evacuation. Then, they developed evacuation routes or allocated vehicles - 

however, few studies considered how to use private cars to transfer people for evacuation 

Ridesharing is an emerging topic in which individual travelers share a private 

vehicle for a trip with others that have similar itineraries and time schedules. Most 

existing studies are applied to the commercial aspect. For example, Ma et al. (2013) 

combined traditional taxi service with ridesharing to improve travel efficiency so that 

businesses could improve their income. Caulfield (2009) revealed that both the social and 

environmental benefits of ridesharing in terms of reductions in emission and energy. 

However, few studies integrated ridesharing into disaster response. 

In recent years, people have noticed that ridesharing could improve the efficiency 

disaster evacuation. For instance, Lyft offered free trips to evacuation centers in Los 

Angeles and Ventura in 2017 (CBS NEWS, 2017). Therefore, researchers have realized 
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the importance of integrating ridesharing into disaster response. Advantages such as 

saving cost for individuals, providing flexibility for businesses, and optimizing 

transportation modes for society can improve disaster response efficiency. Until recently, 

few studies considered this topic systematically and provided any mathematical models. 

Therefore, there are still some gaps between ridesharing and disaster response since 

researchers focused on this topic ideologically rather than analyzed it theoretically. 

4.2. Proposed Models 

In this section, ridesharing is introduced into the traditional evacuation process to 

improve the efficiency of disaster response. Generally, participants involved in the 

ridesharing evacuation plan can be divided into two groups according to if they have their 

vehicles to evacuate or not. When a disaster occurs, carless individuals need a ride for 

evacuation. In contrast, individuals who have cars can choose either leave to a gathering 

location directly for public transport or provide a ride to carless individuals along the 

way. 

4.2.1. Basic Ridesharing Model 

First, we propose the basic ridesharing model (BRM). Definitions of sets, 

parameters, and decision variables are given below. 

Sets 
R  Locations of individuals who have vehicles 
H Locations of carless individuals 

S 
Locations of gathering places where relief agencies (e.g., American Red 
Cross and FEMA) and local governments will provide the public 
transport for evacuation 

Parameters 
𝑑" Demand of individuals who need to be evacuated at location 𝑖 
𝑡# Time of each person to be loaded into a vehicle 
𝑡"$ Travel time from location 𝑖 to location 𝑗 
𝑡%&' Maximum time of individuals can be evacuated to a gathering place 

before disasters happen 
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𝑐 Capacity of vehicle 
M Large positive number 
Decision variables 
𝑥"$ If vehicle	travels	from	𝑖	to	𝑗, this variable is 1, otherwise is 0 
𝑧" If any individual be evacuated at location 𝑖, this variable is 1, otherwise 

is 0 𝑢" Number of individuals to be evacuated by vehicle when leaves location 𝑖 
𝑣" Time at which vehicle leaves location 𝑖 

 
The BRM contains three sets: 𝑅 is the set of locations of individuals who have 

vehicles; 𝐻 is the set of locations of carless individuals; and 𝐺 is the set of locations of 

gathering places where relief agencies (e.g., American Red Cross and FEMA) and local 

governments will provide the public transport for evacuation. Each location 𝑖 ∈ 𝑅 ∪ 𝐻 

has a weight 𝑑" ∈ 𝑁( of individuals that need to evacuate. Each route from 𝑖	to	𝑗 is 

associated with a weight 𝑡"$ ∈ 𝑅(, which denotes the travel time from location  𝑖 to 

location 𝑗. Besides, there are three assumptions: (1) every individual requires time 𝑡) to 

be loaded into a vehicle, (2) all vehicles are identical and have the same capacity 𝑐, 

and(3) for every pickup location, the evacuees are either all  picked up or none of them is 

picked up 

The BRM is formulated as a mixed-integer program model.  

𝑀𝑎𝑥 S 𝑑" ∗ 𝑧"
"∈+⋃-

(1) 

S 𝑥"$ = 𝑧" 						∀	𝑖 ∈ 𝑅 ∪ 𝐻								
$∈.⋃/⋃0

		(2) 

S 𝑥$" = 𝑧" 						∀	𝑖 ∈ 𝐻								
$∈.⋃/

		(3) 

S S𝑥"$ =S𝑧"
"∈.$∈0"∈.∪/

(4) 

𝑢$ ≥ 𝑢" + 𝑑" −𝑀 ∗ X1 − 𝑥"$Y														∀	𝑖 ∈ 𝑅⋃𝐻, ∀	𝑗 ∈ 𝑅⋃𝐻 (5) 
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𝑣$ ≥ 𝑣" + 𝑡"$ + 𝑡# ∗ 	𝑑$ −𝑀 ∗ X1 − 𝑥"$Y					∀	𝑖 ∈ 𝑅⋃𝐻, ∀𝑗 ∈ 𝑅⋃𝐻 (6) 

𝑣" ≤ 𝑡%&' − 𝑡"$ ∗ 	𝑥"$ 			∀	𝑖 ∈ 𝑅⋃𝐻, ∀	𝑗 ∈ G (7) 

𝑢" ≤ c									∀	𝑖 ∈ 𝑅⋃𝐻 (8) 

𝑢" = 𝑑" ∗ 𝑧" 									∀	𝑖 ∈ 𝑅 (9) 

𝑥"$ ∈ {0,1}, 𝑧" ∈ {0,1}, 𝑢" ≥ 0, 𝑣" ≥ 0,				∀	𝑖, 𝑗 ∈ 𝑅 ∪ 𝐻 ∪ G (10) 

The objective function (1) is to maximize the number of individuals that are 

evacuated before the evacuation time of 𝑡%&'. Constraint (2) ensures that at most one 

vehicle leaves each location 𝑖 ∈ 𝑅⋃𝐻 and that a car leaving location 𝑖 indicates that the 

individuals at location 𝑖 have been evacuated. Constraint (3) indicates that in order to 

evacuate individuals at location 𝑖 ∈ 𝐻 then one vehicle must arrive to location 𝑖. 

Constraint (4) ensures that every vehicle that departs reaches a gathering place. 

Constraint (5) updates the occupancy of the vehicles on every route. Constraint (6) 

accounts for the departure time from each of the nodes. Constraint (7) sets a maximum 

evacuation time 𝑡%&'. Constraint (8) sets a maximum capacity 𝑐 on each of the vehicles. 

Constraint (9) sets the initial value of individuals in each vehicle. Finally, constraint (10) 

defines all the decision variables.  

4.2.2. Capacitated Ridesharing Model 

To study more complex situations, we further relax one of the assumptions made 

earlier, which assumes vehicles have identical capacity. The BRM is extended to consider 

non-identical vehicles where each vehicle 𝑘 ∈ 𝑅 has its capacity 𝑐2. Thus, the 𝑥"$ 
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variables are redefined to 𝑥"$2  where k indicates which vehicle is used. The 𝑢" variables 

are also redefined to 𝑢"2. The sets, parameters, and decision variables of model CRM are 

summarized as below. 

Sets 
R  Locations of individuals who have vehicles 
H Locations of carless individuals 
S Locations of gathering places where relief agencies (e.g., American Red 

Cross and FEMA) and local governments will provide the public 
transport for evacuation Parameters 

𝑑" Demand of individuals who need to be evacuated at location 𝑖 
𝑡# Time of each person to be loaded into a vehicle 
𝑡"$ Travel time from location 𝑖 to location 𝑗 

𝑡%&' Maximum time of individuals can be evacuated to a gathering place 
before disasters happen 𝑐2 Capacity of vehicle 𝑘 

M Large positive number 
Decision variables 
𝑥"$2  If vehicle 𝑘	travels	from	𝑖	to	𝑗, this variable is 1, otherwise is 0 
𝑧" If any individual be evacuated at location 𝑖, this variable is 1, otherwise 

is 0 𝑢"2 Number of individuals to be evacuated by vehicle 𝑘 when leaves 
location 𝑖 𝑣" Time at which vehicle leaves location 𝑖 

 

Finally, the capacitated ridesharing model (CRM) is then formulated as follows: 

𝑀𝑎𝑥 S 𝑑" ∗ 𝑧"
"∈+⋃-

(11) 

S 𝑥"$" = 𝑧" 						∀	𝑖 ∈ 𝑅								
$∈.⋃/⋃0

		(12) 

S S𝑥"$2

2∈.

= 𝑧" 						∀	𝑖 ∈ 𝐻								
$∈.⋃/⋃0

		(13) 

S S𝑥$"2

2∈.

= 𝑧" 						∀	𝑖 ∈ 𝐻								
$∈.⋃/

		(14) 

S 𝑥"$2

"∈.⋃/

− S 𝑥$"2 = 0
"∈/⋃0

												∀	𝑗 ∈ 𝐻, ∀	𝑘 ∈ 𝑅 (15) 
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S SS𝑥"$2 =S𝑧"
"∈.2∈.$∈0"∈.∪/

(16) 

𝑢$2 ≥ 𝑢"2 + d$ −𝑀 ∗ X1 − 𝑥"$2 Y														∀	𝑖 ∈ 𝑅⋃𝐻, ∀	𝑗 ∈ 𝑅 ∪ 𝐻, ∀	k ∈ R (17) 

𝑣$ ≥ 𝑣" + 𝑡"$ + 𝑡# ∗ 	d$ −𝑀 ∗ i1 −S𝑥"$2

2∈.

j					∀	𝑖 ∈ 𝑅⋃𝐻, ∀𝑗	 ∈ 𝑅⋃𝐻	 (18) 

𝑣" ≤ 𝑡%&' − 𝑡"$ ∗ 	S𝑥"$2
2∈.

			∀	𝑖 ∈ 𝑅⋃𝐻, ∀	𝑗 ∈ G (19) 

𝑢"2 ≤ 𝑐2 									∀	𝑖 ∈ 𝑅⋃𝐻, ∀	𝑘 ∈ 𝑅 (20) 

𝑥"$2 = 0									∀	𝑖 ∈ 𝑅, ∀	j ∈ 𝑅⋃𝐻⋃G, ∀	𝑘 ∈ 𝑅 (21) 

𝑥"$2 ∈ {0,1}, 𝑧" ∈ {0,1}, 𝑢"2 ≥ 0, 𝑣" ≥ 0,				∀	𝑖, 𝑗 ∈ 𝑅 ∪ 𝐻 ∪ G, ∀	𝑘 ∈ 𝑅 (22) 

Constraint (12) and (21) indicate that only vehicle 𝑖 can leave node 𝑖 while 

constraints (13) – (14) indicate that one of the cars must arrive and depart from a location 

𝑖 ∈ 𝐻 to evacuate the corresponding individuals. The additional constraints (15) ensures 

that the vehicle that arrives to each node is the same one that departs from that node. The 

remaining constraints are similar to ones in (1) - (10) after including the new variables 𝑥"$2  

and 𝑢"2 . 

4.2.3. Split Ridesharing Model 

Last but not least, we propose a split ridesharing model (SRM) that allows each 

location can be visited more than one vehicle by extending from CRM. A new decision 

variable 𝑦"2 ∈ 𝑅( is introduced, which represents the number of individuals in vehicle 𝑘 

that leaves from node 𝑖. Then, new definition of sets, parameters, and decision variables 

are given below. 
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Sets 
R  Locations of individuals who have vehicles 
H Locations of carless individuals 
S Locations of gathering places where relief agencies (e.g., American Red 

Cross and FEMA) and local governments will provide the public 
transport for evacuation Parameters 

𝑑" Demand of individuals who need to be evacuated at location 𝑖 
𝑡# Time of each person to be loaded into a vehicle 
𝑡"$ Travel time from location 𝑖 to location 𝑗 

𝑡%&' Maximum time of individuals can be evacuated to a gathering place 
before disasters happen 𝑐2 Capacity of vehicle 𝑘 

M Large positive number 
Decision variables 
𝑥"$2  If vehicle k	travels	from	𝑖	to	𝑗, this variable is 1, otherwise is 0 
𝑧" If any individual be evacuated at location 𝑖, this variable is 1, otherwise 

is 0 𝑦"2 Number of individuals to be evacuated by vehicle 𝑘 at location 𝑖 
𝑢"2 Number of individuals to be evacuated by vehicle 𝑘 when leaves 

location 𝑖 𝑣" Time at which vehicle leaves location 𝑖 
 

The SRM is then formulated as follows: 

 

𝑀𝑎𝑥 S S𝑦"2

2∈."∈+⋃-

(23) 

S 𝑥"$" = 𝑧" 						∀	𝑖 ∈ 𝑅								
$∈.⋃/⋃0

		(24) 

S 𝑥"$2

"∈.⋃/

− S 𝑥$"2 = 0
"∈/⋃0

												∀	𝑗 ∈ 𝐻, ∀	𝑘 ∈ 𝑅 (25) 

S SS𝑥"$2 =S𝑧"
"∈.2∈.$∈0"∈.∪/

(26) 

𝑦"2 = 𝑑" ∗ 𝑧" 													∀𝑖 ∈ 𝑅, ∀𝑘 ∈ 𝑅, 𝐼𝑓	𝑖 = 𝑘	 (27) 

S𝑦"2
2∈.

≥ 𝑧" 																						∀𝑖 ∈ 𝐻	 (28) 
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S𝑦"2
2∈.

≤ 𝑑" ∗ 𝑧" 													∀𝑖 ∈ 𝐻	 (29) 

𝑦$2 ≤ 𝑀 ∗ S 𝑥"$2
"∈.∪/

													∀𝑗 ∈ 𝐻, ∀𝑘 ∈ 𝑅		 (30) 

𝑢"2 =	𝑦"2 					∀𝑖 ∈ 𝑅, ∀𝑘 ∈ 𝑅 (31) 

𝑢$2 ≤ 	𝑀 ∗ S 𝑥"$2
"∈.∪/

								∀𝑗 ∈ 𝐻, ∀𝑘 ∈ 𝑅		 (32) 

𝑢$2 ≥ 𝑢"2 + 𝑦$2 −𝑀 ∗ X1 − 𝑥"$2 Y														∀	𝑖 ∈ 𝑅⋃𝐻, ∀	𝑗 ∈ 𝐻, ∀	k ∈ R (33) 

𝑣$ ≥ 𝑣" + 𝑡"$ + 𝑡# ∗ 	𝑦"2 −𝑀 ∗ X1 − 𝑥"$2 Y					∀	𝑖 ∈ 𝑅⋃𝐻, ∀𝑗	 ∈ 𝑅⋃𝐻, ∀	k ∈ R	 (34) 

𝑣" ≤ 𝑡%&' − 𝑡"$ ∗ 	𝑥"$2 			∀	𝑖 ∈ 𝑅⋃𝐻, ∀	𝑗 ∈ G, ∀	k ∈ R (35) 

𝑢"2 ≤ 𝑐2 									∀	𝑖 ∈ 𝑅⋃𝐻, ∀	𝑘 ∈ 𝑅 (36) 

𝑥"$2 = 0									∀	𝑖 ∈ 𝑅, ∀	𝑗 ∈ 𝑅 ∪ 𝐻 ∪ G, ∀	𝑘 ∈ 𝑅, 𝐼𝑓	𝑖 ≠ 𝑘 (37) 

𝑥"$2 = 0									∀	𝑖 ∈ 𝑅 ∪ 𝐻 ∪ G, ∀	𝑗 ∈ 𝑅 ∪ 𝐻 ∪ G, ∀	𝑘 ∈ 𝑅, 𝐼𝑓	𝑖 = 𝑗 (38) 

𝑢"2 = 0									∀	𝑖 ∈ 𝑅, ∀	𝑘 ∈ 𝑅, 𝐼𝑓	𝑖 ≠ 𝑗 (39) 

𝑦"2 = 0									∀	𝑖 ∈ 𝑅, ∀	𝑘 ∈ 𝑅, 𝐼𝑓	𝑖 ≠ 𝑗 (40) 

𝑥"$2 ∈ {0,1}, 	𝑦"2 ∈ ℤ(, 𝑧" ∈ {0,1}, 𝑢"2 ≥ 0, 𝑣" ≥ 0,				∀	𝑖, 𝑗 ∈ 𝑅 ∪ 𝐻 ∪ G, ∀	𝑘 ∈ 𝑅 (41) 

Constraint (24) limits that only vehicle 𝑖 can leave location 𝑖. Constraint (25) 

makes sure that the number of vehicles arriving at location 𝑖 is the same as the number of 

vehicles departing from that location. Constraint (26) indicates that every vehicle 𝑘 
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eventually arrives at a gathering place. Constraint (27) updates the number of individuals 

evacuated by vehicle 𝑘 at location 𝑖. Constraints (28) – (30) ensure that 𝑦"2 is updated 

when individuals need to be evacuated at location 𝑖. Constraint (29) updates the number 

of individuals each vehicle carries at the starting locations (locations in set 𝑅). Constraint 

(32) ensures that 𝑢$2 is updated only when vehicles travel from location 𝑖 to location 𝑗. 

Constraint (33) updates the capacity in each route. Constraint (34) updates the evacuation 

time for each route. Constraint (35) indicates that each vehicle 𝑘 must arrive at a 

gathering place before the deadline 𝑡%&'. Constraint (36) indicates that every vehicle 𝑘 

has a maximum capacity	𝑐2. Constraints (37) – (40) indicate each vehicle 𝑘 must start 

from its starting location 𝑖. Finally, constraint (41) defines all decision variables. 

4.3. Numerical Analysis 

This section presents extensive numerical analysis assessing the performance of 

the proposed models. Computations were carried out on a Dell Tower 3420 desktop with 

Intel (R) Core (TM) i7-7700 CPU @ 3.60GHz under a Windows 10 environment and 

Gurobi Optimizer 8.1. For all the instances, the computational time ranges from 0.01 

seconds to 162.37 seconds. 

Different types of ridesharing model (BRM, CRM, and SRM), and parameters 

like evacuation time, and proportions of individuals in set R are varied. We propose two 

indicators to assess the performance of different ridesharing models. One is the 

evacuation percentage (EP), which indicates a portion of the evacuated individuals in the 

number of participants who need to be evacuated, which can be calculated as follows: 

Evacuation	Percentage	(EP) =
𝑇𝑜𝑡𝑎𝑙	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑒𝑣𝑎𝑐𝑢𝑎𝑟𝑒𝑑	𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙𝑠

𝑇𝑜𝑡𝑎𝑙	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙𝑠
(42) 
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Another is the average evacuation percentage (AEP), which indicates the average 

evacuation percentage of three different ridesharing models, which can be calculated as 

follows: 

Average	Evacuation	Percentage	(AEP) =
𝐸𝑃3.4 + 𝐸𝑃5.4 + 𝐸𝑃6.4

3
(43) 

where, 𝐸𝑃3.4, 𝐸𝑃5.4 ,	and 𝐸𝑃6.4 indicate the evacuation percentage of basic 

ridesharing model (BRM), capacitated ridesharing model (CRM), and spilt ridesharing 

model (SRM). 

4.3.1. Computational Setting 

We assume that participants involved in the ridesharing evacuation plan start from 

their starting locations, and eventually reach to gathering places. Locations of participants 

were randomly generated from a uniform distribution in a rectangle with an area of 400. 

The travel time 𝑡"$ is assumed to be the Euclidean distance between the two coordinates. 

There are four gathering places in the center of each side of the rectangle. To better 

compare the performance of models, we generate a set of five different instances, as 

shown in Figure 14. (a) - (e). 
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(a) Instance 1 (b) Instance 2 

 
(c) Instance 3 

 
(d) Instance 4 

 
(e) Instance 5 

 
 
 
 

 
Figure 14. Computational Instances 
 

A set of parameters for proposed models is designed as follows. The number of 

individuals to be evacuated from each location (𝑑") is assumed to be 2. Besides, in the 

BRM we assume that vehicles have a capacity (𝑐) of 5 while in CRM and SRM we 

assume that half of the vehicles have a capacity (𝑐2) of 5 and others have a capacity of 7. 

Each individual is assumed to take 0.1 to get on the vehicle (𝑡)).  According to the travel 

distance between places, the evacuation time (𝑡%&') is set to 10,12, and 14, respectively. 
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Finally, we consider a various of instances that individuals in set 𝑅 account for 30%, 

40%, 50%, 60% and 70% of the total participants respectively. Thus, a total of 225 

instances are solved.  

4.3.2. Comparison of Ridesharing Models 

The effects on ridesharing models are studied according to different parameters, 

such as 𝑡%&' from 10, 12, to 14 and the percentage of individuals who have vehices, 

those who can provide ridesharing services out of the total number of victims from 30%, 

40%, 50%, 60%, to 70%. These number should equal to individuals in set R. The detailed 

solution solved by Gurobi for each instance are demonstrated in Tables 5 (a) – (e), and 

Figures 15 (a) – (e). More details are displayed in Appendix C: Evacuation Routes of 

Ridesharing Models. 
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Figure 15. (a) Evacuation Route of Instance 1 
 
Table 5. (a) Solution of Instance 1 

Parameter  R = 5, H=11, S = 4, 𝑇%&'	=10 

Model  BRM CRM SRM 

Route 

 0-11-18 0-11-5-18 0-11-5-18 
 1-12-19 1-16 1-7-19 
 2-7-19 2-7-19 2-12-19 
 3-5-18 3-12-19 3-5-18 
 4-15-17 4-13-15-17 4-13-15-17 

EP  62.5% 68.75% 75% 
AEP  68.75% 
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Figure 15. (b) Evacuation Route of Instance 2 
 
Table 5. (b) Solution of Instance 2 

Parameter  R = 5, H=11, S = 4, 𝑇%&'	=10 

Category  BRM CRM SRM 

Route 

 0-8-17 0-8-17 0-8-17 
 1-11-18 1-5-11-18 1-5-11-18 
 2-16 2-16 2-16 
 3-17 3-18 3-17 
 4-13-16 4-13-16 4-13-16 

EP  50% 56.25% 56.25% 
AEP  54.17% 
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Figure 15. (c) Evacuation Route of Instance 3 
 
 Table 5. (c) Solution of Instance 3 

Parameter  R = 5, H=11, S = 4, 𝑇%&'	=10 

Category  BRM CRM SRM 

Route 

 0-7-17 0-7-17 0-7-17 
 1-14-19 1-14-19 1-14-19 
 2-8-18 2-8-18 2-8-18 
 3-5-19 3-5-19 3-5-19 
 4-17 4-17 4-17 

EP  56.25% 56.25% 56.25% 
AEP  56.25% 
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Figure 15. (d) Evacuation Route of Instance 4 

 
 Table 5. (d) Solution of Instance 4 

Parameter  R = 5, H=11, S = 4, 𝑇%&'	=10 

Category  BRM CRM SRM 

Route 

 0-16 0-16 0-16 
 1-9-17 1-9-17 1-9-17 
 2-10-19 2-7-10-19 2-7-10-19 
 3-16 3-16 3-16 
 4-12-19 0-16 4-12-19 

EP  43.75% 50% 50% 
AEP  47.92% 
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Figure 15. (e) Evacuation Route of Instance 5 

 
 Table 5 (e). Solution of Instance 5 

Parameter  R = 5, H=11, S = 4, 𝑇%&'	=10 

Category  BRM CRM SRM 

Route 

 0-15-19 0-6-15-19 0-6-15-19 
 1-5-19 1-5-14-19 1-5-11-19 
 2-16 2-16 2-16 
 3-8-18 3-8-11-17 3-8-11-17 
 4-9-19 4-9-19 4-14-19 

EP  50% 68.75% 68.75% 
AEP  62.5% 
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We can find that with the low proportion of individuals who offer a ride to others, 

the number of evacuated individuals is also small. For example, with 30% of individuals 

in set R are willing to offer help, the total number of evacuated individuals is 19; while 26 

individuals can be evacuated if 50% of individuals in set R give a ride to others. 

However, when the proportion of individuals in set R keeps increasing, the increment of 

the total number of evacuated individuals is flatter than the previous instance. Besides, 

Figure 16 shows the behavior of the AEP of different ridesharing models when required 

maximum evacuation time and the proportion of individuals in set R that provide 

ridesharing service change. We find that when the number of individuals offering 

ridesharing services in the evacuation reaches 60% of the total number of victims, the EP 

can always obtain the optimal solution. Thus, it is not necessary to increase the number of 

individuals who can offer ridesharing services, and relief agencies can develop specific 

evacuation plans according to various instances. 

 
Figure 16. Evacuation Percentage of Different Models 

 
Besides, we find that the number of individuals arriving at each gathering place is 

different. As Figure 17 shown below, there are 24, 6, 2, and 0 individuals entering at 
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gathering place location_17, location_19, location_16, and location_18, respectively. 

Although the capacity of the gathering places is not considered in our numerical analysis, 

it is a critical issue that cannot be ignored in reality. Department of Transportation can 

design traffic management strategies and divert traffic flow appropriately if they are 

prepared with the route of disaster evacuation in advance. Governments can also equip 

public transport with different proportions at each gathering places according to different 

needs. Thus, disaster evacuation efficiency will be further improved. 

Furthermore, we find that CRM has the best performance when the percentage of 

individuals who have vehicles close to 30% and 40%. However, with the increment of 

percentage, the SRM becomes more efficient and more people can be evacuated within 

the evacuation time. Therefore, humanitarian organizations can use different models for 

different cases. The flexible, convenient, and efficient ridesharing characteristics can 

provide a new way to improve disaster evacuation efficiency. 
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Figure 17. Example of the Evacuation Route 

 

4.4. Case Study 

A report in Natural Hazard Center (Berke, 2017) indicated that Houston is 

vulnerable to natural disasters like hurricane and flooding because the landscape of 

Houston is incredibly flat, and the geolocation of Houston is near a coast along with a 

warming ocean. Besides, in cities with high population density, public transport is very 

convenient, so many people do not necessarily need to own their vehicles. Therefore, the 

real-world case based on Houston was selected to test the ridesharing evacuation model. 
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For comparison purposes, five different instances with multiple maximum evacuation 

times are discussed. 

4.4.1. General Information and Dataset 

The specific case study area of this paper is the first ring of the Houston city, 

surrounded by Interstate 610 (I-610) freeway because Houston is a radial city from the 

perspective of urban planning where the inner area has a higher population density. 

According to the data provided by the Houston government and ArcGIS database, 14 

households are randomly selected in this study area for experiments. Based on the 

information released by the Houston government, 8 safe gathering places are picked, as 

shown in Figure 18. Two examples of results are also shown in Figure 19 (a) - (b), detail 

explanations are given in the next section. 

 

    
Figure 18. Case Study Area Figure 19. Examples of Results 

 
Previous research indicated that fewer than 50% of individuals were willing to 

share resources with others in a disaster. However, results may differ with different 

percentages of individuals who provide rides in our case. Therefore, we are interested in 

exploring multiple instances, which have different ratios of individuals in set	𝑅 and set 𝐻. 

To be more specific, we design a total of five instances: individuals in set 𝑅 account for 

30%, 40%, 50%, 60% and 70% of the total participants respectively.  
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A set of parameters for the proposed ridesharing evacuation model is designed as 

follows. First of all, on the basis of Houston demographic data, the average household 

size of Houston residents is 2.76, so the number of individuals to be evacuated from each 

location is assumed to be 3. It is assumed that half of the vehicles in this case study have 

a capacity of 5 seats and others have a capacity of 7 seats. In order to make the case study 

more realistic, travel distance is calculated from Google Maps instead of Euclidean 

distance. Each individual is assumed to take 1 minute to get on the vehicle. According to 

the travel distance between places, the maximum evacuation time is set to 5, 7, 9, 11, 13, 

and 15 minutes respectively. 

4.4.2. Results 

The case study was carried out on a Dell Tower 3420 desktop with Intel (R) Core 

(TM) i7-7700 CPU @ 3.60GHz under a Windows 10 environment and Gurobi Optimizer 

8.1. For all the instances, computational time ranges from 0.01 seconds to 251.94 

seconds. Two examples of results are shown in Figure 19 above, which demonstrate the 

optimal routes for the ridesharing evacuation plan when the maximum evacuation times 

are 13 and 15 minutes respectively. We find that the ridesharing evacuation model can 

solve the optimal evacuation route for different instances. In addition, we find that it is 

not necessary to increase the vehicles of disaster response because sometimes the optimal 

solution can be obtained with fewer vehicles. More detailed results are shown in our 

Mendeley database.  

Case study results show that the ridesharing evacuation model can evacuate all 

individuals in a limited time. For example, within the capacity of each vehicle, the 

ridesharing evacuation model can transfer all participants within 15 minutes in all 
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instances, providing relief agencies plenty of preparation time for public transport 

evacuation. As the evacuation time and the ratio of individuals participating in the 

evacuation increases, more and more people will be successfully evacuated. The 

Department of Homeland Security’s data indicates the government will issue evacuation 

orders between 12 and 22 hours before a hurricane strike. Therefore, the ridesharing 

evacuation plan not only can ensure the people with vehicles evacuate safely but also 

help carless people to arrive at safe gathering places for public transport evacuation on 

time. 

In this paper, the ridesharing evacuation plan also seeks to improve the efficiency 

of disaster evacuation. Therefore, two indicators are used for further analysis. One is 

evacuation percentage (EP), which indicates a percentage of the evacuated individuals in 

the total number of participants who need to be evacuated. The other is average travel 

distance (ATD), which represents the average travel distance per vehicle. Detailed results 

are shown in Figure 20 below.  

 
Figure 20. Analysis of the Ridesharing Evacuation Model 

 
Firstly, we analyze evacuation percentage (EP) in different instances. From Figure 

5, we can see as the ratio of individuals in set 𝑅 and the evacuation time increases, EP 
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goes up. But the increasing rate of EP has changed over various evacuation times. For 

example, when the evacuation time is 5 minutes, as the ratio of individuals in set 𝑅 

increases, EP increases quickly. However, when the evacuation time is longer, i.e. more 

than 10 minutes, the increment of EP is flatter than the previous instance. Therefore, we 

find that it does not mean that the more individuals provide a ride, the better disaster 

evacuation is. In fact, we can obtain the optimal EP result though there is a lower ratio of 

individuals in set 𝑅. For example, the value of EP can achieve 100% when the ratio of 

individuals in set 𝑅 is 60% within 13 or 15 minutes evacuation time.  

Regarding the indicator ATD, from Figure 20 we can see that as the evacuation 

time increases, ATD grows. But we find that increasing the ratio of vehicles may not 

necessarily improve evacuation efficiency. For example, when the evacuation time is 5 

minutes and the ratio is 30%, ATD is only 3.125 miles. When evacuation time does not 

change but the ratio is 40%, ATD increases to 3.57 miles. However, the ATD suddenly 

drops when ratio is 50% and then the results of ATD are very close when the ratio is 60% 

and 70% respectively. 

In conclusion, the ridesharing evacuation model proposed in this paper performs 

well to evacuate individuals in the case study since within the capacity of each vehicle, 

the ridesharing evacuation model can evacuate all participants within 15 minutes in all 

instances. Besides, implementing ridesharing in disaster evacuation can improve the 

efficiency of disaster response as well as resource utilization because people without cars 

can be transferred to gathering places by people with cars. Meanwhile, the ridesharing 

evacuation model also demonstrates that it is not necessary to increase the resources of 

disaster response because the optimal solution can be obtained with fewer resources. 
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Also, using too many vehicles may cause a problem like congestion and hinder the 

implementation of the evacuation. For instance, the case study area is the central area of 

Houston city, where the population and vehicle density are much higher than in other 

areas. Therefore, adding vehicles will cause more spaces to be occupied, such as road 

networks and parking spaces. Consequently, the ridesharing evacuation plan could 

conflict with public transport and result in negative impacts such as congestions of traffic 

and the suffering of individuals. Therefore, relief agencies should choose a specific 

evacuation strategy based on different disaster scales by this ridesharing evacuation 

model. 

 

 

 

 

 

 

 

 

 

 



 

60 

5. CONCLUSION 

5.1. Sentiment Analysis in Disaster Response 

In this section, social media data-driven analytics is studied for improving disaster 

response efficiency, which focuses on investigating public sentimental characteristics via 

machine learning techniques. The contributions of this research include: 1) proposing and 

comparing various machine learning models for classifying disaster-related social media 

data; 2) analyzing essential requirements (e.g., food, housing, transportation, and medical 

supplies) that victims need during disaster response; 3) conducting a set of real-world 

instances for understanding changes of public opinions on disaster response, from the 

perspective of different natural disasters and the most common disaster with disparate 

time series; and 4) developing a natural disaster dataset with sentiment labels, which 

contains 49,816 Twitter data about natural disasters in the United States.  

We find that the amount of Twitter data collected increases over time for each 

different disaster, which shows social media is promised to be a critical platform for 

extracting disaster-related information. Although more than half of the tweets are 

negative reviews, there have been more and more positive reviews in recent years. 

Besides, results indicate that there is a difference between people’s essential needs when 

natural disasters happen. Therefore, relief agencies should provide targeted assistance 

based on the results of sentiment analysis. Also, depending on whether natural disasters 

can be accurately predicted, the trend for people to post/obtain relevant information on 

the Internet is various. To collect clean and comprehensive data, researchers need to 

clarify the characteristics of natural disasters before conducting an analysis. 
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Last but not least, the comparison of machine learning models discovers that the 

performance of the model adjusted for the optimal settings is significantly better than that 

of the existing and lexicon-based machine learning models. Also, the Naïve Bayes is the 

model with the best performance from the perspective of classification accuracy, 

confusion matrix, and ROC-AUC graph in our research. Moreover, we also notice the 

differences between models’ factors, such as activation function, estimators, and even 

input data, can cause different results. Therefore, relief agencies or emergency officers 

should conduct a comparative analysis of machine learning models to get better 

conclusions when analyzing disaster response problems. 

Previous studies (Olanrewaju et al., 2020) have shown that a rational pre-

positioning of relief supplies is one crucial action for disaster response. By considering 

disruption risks, pricing and order quantity of supplies, physical inventory as well as the 

uncertain road capacity, relief organizations and suppliers can improve the efficiency of 

disaster management (Hu et al. 2019; Hu and Dong, 2019). Meanwhile, this research 

shows that social media analytics has a robust application prospect in the field of disaster 

response, especially predicting the sentimental characteristics of victims. Therefore, our 

future research focus is devoted to the development of integrating social media analytics 

into supplier selection and pre-positioning strategies in humanitarian relief. 
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5.2 Ridesharing Models of Disaster Response 

Ridesharing has always been the focus of researchers because it is a sustainable 

way of travel, reducing traffic congestion, saving energy consumption, and protecting the 

environment. As the most used resources in disaster relief, the vehicles are extremely 

limited during natural disasters.  

Based on the motivation of improving disaster response efficiency, this research 

aims to fill the gap mentioned above by developing a series of mathematical models. The 

contributions of these models are threefold. First, we integrate ridesharing into the 

traditional evacuation model by developing a mixed-integer programming model for the 

ridesharing evacuation problem, which are evaluated by a set of numerical analysis. 

Second, a collection of variants is designed for more complex situations, such as different 

capacities of vehicles and the split of vehicle routes. Third, a real-world case study based 

on Houston is used to validate the proposed model's feasibility. Finally, we explore the 

disaster evacuation efficiency in a series of instances, such as different ratios of vehicles 

participating in the model and the maximum evacuation time, which provides suggestions 

and improvements for the related department (such as Federal Emergency Management 

Agency (FEMA), Red Cross and local governments) of disaster relief. 

In addition, to improve the efficiency of resource utilization, indicators evacuation 

percentage (EP), average evacuation percentage (AEP), and average travel distance 

(ATD) are analyzed with different instances under a real-world case study in Houston. 

Results show that the ridesharing evacuation plan can evacuate all individuals in a limited 

time, and it is not necessary to increase the number of resources for disaster response 

because relief agencies should design a specific response strategy based on the disaster 
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scales according to this model. It will not only provide disaster relief agencies and 

individuals with an efficient evacuation plan but also offer relief agencies insights in 

resource utilization.  

The model proposed in this study belongs to the NP-hard problem. With the 

expansion of the case size, feasible solutions of the NP-hard problem will increase 

accordingly, thus posing a considerable challenge to the computation of the optimal 

solution. Since the model in our case is based on a small sample size, future studies will 

focus on collecting more data to test multiple disasters to provide more practical 

conclusions. 
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APPENDIX A: Figure 12: Confusion Matrix of Machine Learning Models  
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APPENDIX B: Figure 13: ROC-AUC Graphs of Machine Learning Models 
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APPENDIX C: Table 15: Evacuation Routes of Ridesharing Models 

Table 1.1 BRM-Case1 
R = 5, H=11, S = 4 

𝑇%&'	 10 12 14 

Route 

0-11-18 0-9-17 0-8-17 
1-12-19 1-12-19 1-12-19 
2-7-19 2-7-19 2-7-19 
3-5-18 3-5-18 3-5-18 
4-15-17 4-6-17 4-13-17 

Indicator 

EP 
62.5% 62.5% 62.5% 

AEP 
62.5% 

R = 6, H=10, S = 4 
𝑇%&'	 10 12 14 

Route 

0-9-17 0-9-17 0-14-17 
1-12-19 1-19 1-12-19 

2-19 2-7-19 2-13-16 
3-7-19 3-12-19 3-7-19 
4-13-17 4-13-17 4-10-17 
5-11-18 5-11-18 5-11-17 

Indicator 

EP 
68.75% 68.75% 75% 

AEP 
70.83% 

R = 8, H=8, S = 4 
𝑇%&'	 10 12 14 

Route 

0-9-17 0-9-17 0-9-17 
1-16 1-16 1-18 
2-19 2-12-19 2-13-17 
3-18 3-18 3-11-18 

4-13-17 4-15-17 4-15-17 
5-11-18 5-11-18 5-17 
6-10-17 6-10-17 6-10-17 
7-12-19 7-19 7-12-19 

Indicator 

EP 
81.25% 81.25% 87.5% 

AEP 
83.33% 

R = 10, H=6, S = 4 
𝑇%&'	 10 12 14 

Route 
0-11-18 0-11-18 0-14-17 

1-16 1-19 1-19 
2-18 2-12-19 2-15-17 
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3-12-19 3-19 3-12-19 
4-13-17 4-13-17 4-13-17 

5-18 5-18 5-19 
6-10-16 6-10-17 6-10-16 

7-19 7-19 7-16 
8-14-17 8-14-17 8-18 
9-15-17 9-15-17 9-11-18 

Indicator 

EP 
100% 100% 100% 

AEP 
100% 

R = 11, H=5, S = 4 
𝑇%&'	 10 12 14 

Route 

0-18 0-11-18 0-18 
1-12-19 1-16 1-19 

2-19 2-19 2-16 
3-18 3-19 3-12-19 

4-13-17 4-12-19 4-11-18 
5-18 5-18 5-18 
6-17 6-15-17 6-13-17 
7-18 7-19 7-19 

8-14-17 8-14-17 8-14-17 
9-11-18 9-17 9-15-17 
10-15-17 10-13-17 10-16 

Indicator 

EP 
100% 100% 100% 

AEP 
100% 

 
Table 1.2 BRM-Case2 

R = 5, H=11, S = 4 
𝑇%&'	 10 12 14 

Route 

0-8-17 0-10-16 0-12-16 
1-11-18 1-11-18 1-11-18 

2-16 2-7-17 2-14-16 
3-17 3-5-18 3-5-18 

4-13-16 4-13-16 4-15-19 

Indicator 

EP 
50% 62.5% 62.5% 

AEP 
58.33% 

R = 6, H=10, S = 4 
𝑇%&'	 10 12 14 

Route 0-10-16 0-10-16 0-12-16 
1-18 1-6-19 1-6-19 
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2-16 2-12-16 2-14-16 
3-18 3-7-17 3-7-17 

4-13-16 4-13-16 4-15-19 
5-11-18 5-11-18 5-11-18 

Indicator 

EP 
56.25% 75% 75% 

AEP 
68.75% 

R = 8, H=8, S = 4 
𝑇%&'	 10 12 14 

Route 

0-10-16 0-10-16 0-12-16 
1-18 1-19 1-11-18 
2-16 2-12-16 2-14-16 
3-17 3-17 3-17 

4-13-16 4-13-16 4-15-19 
5-11-18 5-11-18 5-17 

6-19 6-9-19 6-9-19 
7-16 7-8-17 7-8-17 

Indicator 

EP 
68.75% 87.5% 87.5% 

AEP 
81.25% 

R = 10, H=6, S = 4 
𝑇%&'	 10 12 14 

Route 

0-10-16 0-16 0-12-16 
1-18 1-11-18 1-19 
2-16 2-12-16 2-14-16 
3-18 3-17 3-11-18 

4-13-16 4-13-16 4-15-19 
5-18 5-18 5-17 
6-19 6-19 6-19 
7-16 7-17 7-10-16 
8-17 8-10-16 8-17 

9-11-18 9-18 9-18 

Indicator 

EP 
81.25% 87.5% 93.75% 

AEP 
87.5% 

R = 11, H=5, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-16 0-12-16 
1-18 1-19 1-19 
2-19 2-14-16 2-11-18 
3-18 3-17 3-18 

4-13-16 4-13-16 4-15-19 
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5-18 5-11-18 5-17 
6-19 6-19 6-19 
7-16 7-18 7-14-16 
8-17 8-17 8-16 

9-11-18 9-18 9-18 
10-12-16 10-12-16 10-13-16 

Indicator 

EP 
87.5% 93.75% 100% 

AEP 
93.75% 

 
Table 1.3 BRM-Case3 

R = 5, H=11, S = 4 
𝑇%&'	 10 12 14 

Route 

0-7-17 0-7-17 0-7-17 
1-14-19 1-10-16 1-10-19 
2-8-18 2-8-18 2-12-17 
3-5-19 3-5-19 3-8-18 
4-17 4-12-17 4-13-18 

Indicator 

EP 
56.25% 62.5% 62.5% 

AEP 
60.42% 

R = 6, H=10, S = 4 
𝑇%&'	 10 12 14 

Route 

0-10-16 0-10-16 0-12-16 
1-18 1-6-19 1-6-19 
2-16 2-12-16 2-14-16 
3-18 3-7-17 3-7-17 

4-13-16 4-13-16 4-15-19 
5-11-18 5-11-18 5-11-18 

Indicator 

EP 
56.25% 75% 75% 

AEP 
68.75% 

R = 8, H=8, S = 4 
𝑇%&'	 10 12 14 

Route 

0-10-16 0-10-16 0-12-16 
1-18 1-19 1-11-18 
2-16 2-12-16 2-14-16 
3-17 3-17 3-17 

4-13-16 4-13-16 4-15-19 
5-11-18 5-11-18 5-17 

6-19 6-9-19 6-9-19 
7-16 7-8-17 7-8-17 
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Indicator 

EP 
68.75% 87.5% 87.5% 

AEP 
81.25% 

R = 10, H=6, S = 4 
𝑇%&'	 10 12 14 

Route 

0-10-16 0-16 0-12-16 
1-18 1-11-18 1-19 
2-16 2-12-16 2-14-16 
3-18 3-17 3-11-18 

4-13-16 4-13-16 4-15-19 
5-18 5-18 5-17 
6-19 6-19 6-19 
7-16 7-17 7-10-16 
8-17 8-10-16 8-17 

9-11-18 9-18 9-18 

Indicator 

EP 
81.25% 87.5% 93.75% 

AEP 
87.5% 

R = 11, H=5, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-16 0-12-16 
1-18 1-19 1-19 
2-19 2-14-16 2-11-18 
3-18 3-17 3-18 

4-13-16 4-13-16 4-15-19 
5-18 5-11-18 5-17 
6-19 6-19 6-19 
7-16 7-18 7-14-16 
8-17 8-17 8-16 

9-11-18 9-18 9-18 
10-12-16 10-12-16 10-13-16 

Indicator 

EP 
87.5% 93.75% 100% 

AEP 
93.75% 

 
Table 1.4 BRM-Case4 

R = 5, H=11, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-17 0-9-17 
1-9-17 1-9-17 1-5-18 
2-10-19 2-5-18 2-12-19 

3-16 3-17 3-16 
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4-12-19 4-12-19 4-7-19 

Indicator 

EP 
50% 50% 56.25% 

AEP 
52.08% 

R = 6, H=10, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-16 0-9-17 
1-9-17 1-8-17 1-8-17 
2-7-19 2-7-18 2-10-19 
3-16 3-16 3-16 

4-12-19 4-12-19 4-12-19 
5-6-18 5-6-18 5-6-18 

Indicator 

EP 
62.5% 62.5% 68.75% 

AEP 
64.58% 

R = 8, H=8, S = 4 
𝑇%&'	 10 12 14 

Route 

0-10-16 0-10-16 0-12-16 
1-18 1-19 1-11-18 
2-16 2-12-16 2-14-16 
3-17 3-17 3-17 

4-13-16 4-13-16 4-15-19 
5-11-18 5-11-18 5-17 

6-19 6-9-19 6-9-19 
7-16 7-8-17 7-8-17 

Indicator 

EP 
68.75% 87.5% 87.5% 

AEP 
81.25% 

R = 10, H=6, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-16 0-16 
1-17 1-16 1-19 
2-19 2-12-19 2-18 
3-16 3-16 3-16 

4-12-19 4-19 4-10-19 
5-13-18 5-13-18 5-11-18 
6-11-18 6-11-18 6-15-17 
7-10-19 7-10-19 7-12-19 
8-15-17 8-14-17 8-14-17 
9-14-17 9-15-17 9-13-18 

Indicator EP 
100% 100% 100% 
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AEP 
100% 

R = 11, H=5, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-16 0-12-16 
1-18 1-19 1-19 
2-19 2-14-16 2-11-18 
3-18 3-17 3-18 

4-13-16 4-13-16 4-15-19 
5-18 5-11-18 5-17 
6-19 6-19 6-19 
7-16 7-18 7-14-16 
8-17 8-17 8-16 

9-11-18 9-18 9-18 
10-12-16 10-12-16 10-13-16 

Indicator 

EP 
87.5% 93.75% 100% 

AEP 
93.75% 

 
Table 1.5 BRM-Case5 

R = 5, H=11, S = 4 
𝑇%&'	 10 12 14 

Route 

0-15-19 0-15-19 0-15-19 
1-5-19 1-5-19 1-6-19 
2-16 2-19 2-10-16 

3-8-18 3-11-17 3-13-17 
4-9-19 4-9-19 4-12-18 

Indicator 

EP 
56.25% 56.25% 62.5% 

AEP 
58.33% 

R = 6, H=10, S = 4 
𝑇%&'	 10 12 14 

Route 

0-6-19 0-15-19 0-15-19 
1-15-19 1-6-19 1-6-19 

2-16 2-16 2-10-16 
3-11-17 3-8-18 3-8-18 
4-9-18 4-9-18 4-12-18 
5-14-19 5-14-19 5-9-18 

Indicator 

EP 
68.75% 68.75% 75% 

AEP 
70.83% 

R = 8, H=8, S = 4 
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𝑇%&'	 10 12 14 

Route 

0-15-19 0-16 0-15-19 
1-19 1-16 1-14-19 
2-16 2-16 2-10-16 

3-11-17 3-8-18 3-8-18 
4-9-19 4-9-19 4-12-18 
5-14-19 5-14-19 5-9-19 

6-16 6-15-19 6-16 
7-16 7-16 7-17 

Indicator 

EP 
75% 75% 87.5% 

AEP 
79.17% 

R = 10, H=6, S = 4 
𝑇%&'	 10 12 14 

Route 

0-19 0-16 0-19 
1-19 1-19 1-19 
2-16 2-16 2-10-16 

3-11-17 3-18 3-11-18 
4-19 4-19 4-12-19 

5-14-19 5-14-19 5-16 
6-19 6-15-19 6-14-19 
7-16 7-16 7-16 
8-17 8-11-17 8-13-17 

9-15-19 9-12-19 9-15-19 

Indicator 

EP 
81.25% 87.5% 100% 

AEP 
89.58% 

R = 11, H=5, S = 4 
𝑇%&'	 10 12 14 

Route 

0-19 0-16 0-16 
1-19 1-19 1-18 
2-16 2-19 2-15-19 

3-11-17 3-18 3-13-17 
4-19 4-18 4-12-18 

5-14-19 5-14-19 5-14-19 
6-16 6-15-19 6-19 
7-17 7-16 7-17 
8-17 8-11-17 8-11-17 

9-15-19 9-12-19 9-19 
10-17 10-17 10-19 

Indicator 
EP 

87.5% 93.75% 100% 
AEP 
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93.75% 
 
Table 2.1 CRM-Case1 

R = 5, H=11, S = 4 
𝑇%&'	 10 12 14 

Route 

0-11-5-18 0-11-5-18 0-8-14-17 
1-16 1-16 1-7-12-19 

2-7-19 2-17 2-15-17 
3-12-19 3-7-12-19 3-5-11-18 

4-13-15-17 4-13-10-17 4-13-6-10-17 

Indicator 

EP 
68.75% 68.75% 93.75% 

AEP 
77.08% 

R = 6, H=10, S = 4 
𝑇%&'	 10 12 14 

Route 

0-9-17 0-9-17 0-8-14-17 
1-7-19 1-19 1-19 
2-12-19 2-12-19 2-13-15-17 

3-18 3-7-19 3-7-12-19 
4-13-15-17 4-13-15-17 4-10-6-16 

5-11-18 5-11-18 5-11-17 

Indicator 

EP 
75% 75% 93.75% 

AEP 
81.25% 

R = 8, H=8, S = 4 
𝑇%&'	 10 12 14 

Route 

0-9-17 0-9-17 0-14-8-17 
1-12-19 1-19 1-12-19 

2-18 2-18 2-15-17 
3-19 3-12-19 3-19 

4-13-17 4-13-15-17 4-10-17 
5-11-18 5-11-18 5-11-17 

6-10-15-17 6-10-17 6-13-17 
7-19 7-19 7-16 

Indicator 

EP 
87.5% 87.5% 93.75% 

AEP 
89.58% 

R = 10, H=6, S = 4 
𝑇%&'	 10 12 14 

Route 
0-11-18 0-11-18 0-14-17 

1-19 1-12-19 1-18 
2-12-19 2-18 2-15-17 
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3-19 3-19 3-12-19 
4-13-15-17 4-13-16 4-13-10-16 

5-18 5-18 5-17 
6-10-17 6-10-15-17 6-16 

7-19 7-18 7-16 
8-14-17 8-14-17 8-11-18 

9-18 9-18 9-17 

Indicator 

EP 
100% 100% 100% 

AEP 
100% 

R = 11, H=5, S = 4 
𝑇%&'	 10 12 14 

Route 

0-11-18 0-11-18 0-17 
1-19 1-12-19 1-19 
2-19 2-19 2-13-16 

3-12-19 3-18 3-18 
4-13-17 4-15-17 4-12-19 

5-18 5-18 5-17 
6-15-17 6-17 6-15-17 

7-18 7-19 7-16 
8-14-17 8-14-17 8-14-17 

9-18 9-18 9-11-18 
10-16 10-13-17 10-17 

Indicator 

EP 
100% 100% 100% 

AEP 
100% 

 
Table 2.2 CRM-Case2 

R = 5, H=11, S = 4 
𝑇%&'	 10 12 14 

Route 

0-8-17 0-8-17 0-8-10-16 
1-5-11-18 1-5-11-18 1-9-6-19 

2-16 2-14-12-16 2-14-7-17 
3-18 3-7-17 3-5-11-18 

4-13-16 4-13-10-16 4-15-12-16 

Indicator 

EP 
56.25% 81.25% 93.75% 

AEP 
77.08% 

R = 6, H=10, S = 4 
𝑇%&'	 10 12 14 

Route 0-8-17 0-8-17 0-8-10-16 
1-11-18 1-6-19 1-9-6-19 
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2-16 2-14-12-16 2-14-12-16 
3-17 3-7-17 3-7-17 

4-13-16 4-13-10-16 4-15-19 
5-18 5-11-18 5-11-18 

Indicator 

EP 
56.25% 87.5% 93.75% 

AEP 
79.17% 

R = 8, H=8, S = 4 
𝑇%&'	 10 12 14 

Route 

0-8-17 0-8-17 0-8-16 
1-11-18 1-11-18 1-11-18 

2-16 2-14-12-16 2-12-16 
3-17 3-18 3-17 

4-13-16 4-13-16 4-13-10-16 
5-18 5-18 5-18 
6-19 6-9-19 6-9-18 
7-16 7-10-16 7-14-16 

Indicator 

EP 
68.75% 93.75% 93.75% 

AEP 
85.42% 

R = 10, H=6, S = 4 
𝑇%&'	 10 12 14 

Route 

0-10-16 0-16 0-16 
1-11-18 1-11-18 1-19 

2-16 2-14-12-16 2-14-12-16 
3-17 3-17 3-17 

4-13-16 4-13-16 4-15-10-16 
5-18 5-18 5-17 
6-19 6-19 6-19 
7-16 7-10-16 7-16 
8-17 8-17 8-16 
9-18 9-19 9-11-18 

Indicator 

EP 
81.25% 93.75% 93.75% 

AEP 
89.58% 

R = 11, H=5, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-16 0-16 
1-11-18 1-11-18 1-11-18 

2-16 2-14-16 2-14-12-16 
3-17 3-17 3-17 

4-13-16 4-13-16 4-15-19 
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5-18 5-18 5-17 
6-19 6-18 6-18 
7-16 7-16 7-16 
8-17 8-17 8-16 
9-18 9-19 9-18 

10-12-16 10-12-16 10-13-16 

Indicator 

EP 
87.5% 93.75% 100% 

AEP 
93.75% 

 
Table 2.3 CRM-Case3 

R = 5, H=11, S = 4 
𝑇%&'	 10 12 14 

Route 

0-7-17 0-8-18 0-7-17 
1-14-19 1-10-14-19 1-10-14-19 
2-8-18 2-7-17 2-12-17 
3-5-19 3-11-9-19 3-6-11-9-19 
4-17 4-13-17 4-13-5-19 

Indicator 

EP 
56.25% 75% 87.5% 

AEP 
72.92% 

R = 6, H=10, S = 4 
𝑇%&'	 10 12 14 

Route 

0-8-17 0-8-17 0-8-10-16 
1-11-18 1-6-19 1-9-6-19 

2-16 2-14-12-16 2-14-12-16 
3-17 3-7-17 3-7-17 

4-13-16 4-13-10-16 4-15-19 
5-18 5-11-18 5-11-18 

Indicator 

EP 
56.25% 87.5 93.75% 

AEP 
79.17% 

R = 8, H=8, S = 4 
𝑇%&'	 10 12 14 

Route 

0-8-17 0-8-17 0-8-16 
1-11-18 1-11-18 1-11-18 

2-16 2-14-12-16 2-12-16 
3-17 3-18 3-17 

4-13-16 4-13-16 4-13-10-16 
5-18 5-18 5-18 
6-19 6-9-19 6-9-18 
7-16 7-10-16 7-14-16 
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Indicator 

EP 
68.75% 93.75% 93.75% 

AEP 
85.42% 

R = 10, H=6, S = 4 
𝑇%&'	 10 12 14 

Route 

0-10-16 0-16 0-16 
1-11-18 1-11-18 1-19 

2-16 2-14-12-16 2-14-12-16 
3-17 3-17 3-17 

4-13-16 4-13-16 4-15-10-16 
5-18 5-18 5-17 
6-19 6-19 6-19 
7-16 7-10-16 7-16 
8-17 8-17 8-16 
9-18 9-19 9-11-18 

Indicator 

EP 
81.25% 93.75% 93.75% 

AEP 
89.58% 

R = 11, H=5, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-16 0-16 
1-11-18 1-11-18 1-11-18 

2-16 2-14-16 2-14-12-16 
3-17 3-17 3-17 

4-13-16 4-13-16 4-15-19 
5-18 5-18 5-17 
6-19 6-18 6-18 
7-16 7-16 7-16 
8-17 8-17 8-16 
9-18 9-19 9-18 

10-12-16 10-12-16 10-13-16 

Indicator 

EP 
87.5% 93.75% 100% 

AEP 
93.75% 

 
Table 2.4 CRM-Case4 

R = 5, H=11, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-16 0-9-17 
1-9-17 1-9-8-17 1-13-5-18 

2-7-10-19 2-10-7-19 2-12-19 
3-16 3-17 3-17 
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4-12-19 4-12-19 4-7-10-19 

Indicator 

EP 
56.25% 62.5% 68.75% 

AEP 
62.5% 

R = 6, H=10, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-16 0-9-17 
1-9-17 1-9-8-17 1-8-17 

2-7-10-19 2-10-7-19 2-10-7-19 
3-16 3-17 3-16 

4-12-19 4-12-19 4-12-19 
5-6-13-18 5-13-16-11-18 5-11-6-13-18 

Indicator 

EP 
75% 87.5% 87.5% 

AEP 
83.33% 

R = 8, H=8, S = 4 
𝑇%&'	 10 12 14 

Route 

0-8-17 0-8-17 0-8-16 
1-11-18 1-11-18 1-11-18 

2-16 2-14-12-16 2-12-16 
3-17 3-18 3-17 

4-13-16 4-13-16 4-13-10-16 
5-18 5-18 5-18 
6-19 6-9-19 6-9-18 
7-16 7-10-16 7-14-16 

Indicator 

EP 
68.75% 93.75% 93.75% 

AEP 
85.42% 

R = 10, H=6, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-16 0-16 
1-16 1-16 1-16 

2-10-19 2-12-19 2-10-12-19 
3-16 3-16 3-16 

4-12-19 4-19 4-16 
5-13-18 5-13-11-18 5-19 
6-11-18 6-18 6-11-17 

7-19 7-10-19 7-19 
8-14-15-17 8-14-17 8-14-15-17 

9-17 9-15-17 9-13-18 

Indicator EP 
100% 100% 100% 
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AEP 
100% 

R = 11, H=5, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-16 0-16 
1-11-18 1-11-18 1-11-18 

2-16 2-14-16 2-14-12-16 
3-17 3-17 3-17 

4-13-16 4-13-16 4-15-19 
5-18 5-18 5-17 
6-19 6-18 6-18 
7-16 7-16 7-16 
8-17 8-17 8-16 
9-18 9-19 9-18 

10-12-16 10-12-16 10-13-16 

Indicator 

EP 
87.5% 93.75% 100% 

AEP 
93.75% 

 
Table 2.5 CRM-Case5 

R = 5, H=11, S = 4 
𝑇%&'	 10 12 14 

Route 

0-6-15-19 0-6-15-19 0-6-15-19 
1-5-14-19 1-14-5-19 1-5-14-19 

2-16 2-19 2-10-16 
3-8-11-17 3-8-11-17 3-8-11-18 

4-9-19 4-9-12-19 4-9-12-18 

Indicator 

EP 
75% 81.25% 87.5% 

AEP 
81.25% 

R = 6, H=10, S = 4 
𝑇%&'	 10 12 14 

Route 

0-6-19 0-6-19 0-6-19 
1-14-19 1-15-14-19 1-15-14-19 

2-16 2-16 2-10-16 
3-8-11-17 3-8-11-17 3-11-8-18 

4-9-19 4-9-12-19 4-9-12-19 
5-15-19 5-16 5-19 

Indicator 

EP 
75% 81.25% 87.5% 

AEP 
81.25% 

R = 8, H=8, S = 4 
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𝑇%&'	 10 12 14 

Route 

0-16 0-15-19 0-16 
1-15-19 1-14-19 1-16 

2-16 2-19 2-16 
3-8-11-17 3-8-11-17 3-8-11-18 

4-9-19 4-9-12-19 4-9-12-18 
5-14-19 5-19 5-16 

6-19 6-16 6-14-15-19 
7-17 7-16 7-10-16 

Indicator 

EP 
81.25% 87.5% 93.75% 

AEP 
87.5% 

R = 10, H=6, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-16 0-15-19 
1-14-19 1-19 1-19 

2-16 2-19 2-14-19 
3-11-17 3-18 3-18 

4-19 4-18 4-12-18 
5-15-19 5-14-15-19 5-16 

6-19 6-16 6-16 
7-17 7-17 7-10-16 
8-17 8-11-17 8-11-13-17 
9-19 9-12-18 9-18 

Indicator 

EP 
81.25% 87.5% 100% 

AEP 
89.58% 

R = 11, H=5, S = 4 
𝑇%&'	 10 12 14 

Route 

0-19 0-16 0-19 
1-15-19 1-15-19 1-16 

2-16 2-16 2-16 
3-11-17 3-17 3-17 

4-19 4-12-19 4-12-18 
5-14-19 5-16 5-16 

6-16 6-19 6-19 
7-16 7-16 7-16 
8-17 8-11-17 8-11-17 
9-19 9-14-19 9-14-15-19 

10-16 10-16 10-13-17 

Indicator 
EP 

87.5% 93.75% 100% 
AEP 
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93.75% 
 
Table 3.1 SRM-Case1 

R = 5, H=11, S = 4 
𝑇%&'	 10 12 14 

Route 

0-11-5-18 0-11-5-18 0-14-9-17 
1-7-19 1-12-19 1-7-12-19 
2-12-19 2-7-19 2-13-15-17 
3-5-18 3-5-18 3-5-11-18 

4-13-15-17 4-13-10-15-17 4-10-6-15-17 

Indicator 

EP 
68.75% 71.88% 87.5% 

AEP 
76.04% 

R = 6, H=10, S = 4 
𝑇%&'	 10 12 14 

Route 

0-9-17 0-9-17 0-9-14-17 
1-7-19 1-12-19 1-12-19 
2-12-19 2-7-12-19 2-13-15-17 

3-18 3-7-12-19 3-11-18 
4-13-15-17 4-13-10-15-17 4-10-6-15-17 

5-11-18 5-11-18 5-7-18 

Indicator 

EP 
75% 78.13% 90.63% 

AEP 
81.25% 

R = 8, H=8, S = 4 
𝑇%&'	 10 12 14 

Route 

0-9-17 0-9-17 0-8-14-17 
1-12-19 1-12-19 1-12-19 

2-18 2-12-19 2-12-19 
3-12-19 3-12-19 3-12-19 
4-13-17 4-13-17 4-13-10-17 
5-11-18 5-11-18 5-11-18 

6-10-15-17 6-10-15-17 6-10-15-17 
7-18 7-12-19 7-12-19 

Indicator 

EP 
87.5% 87.5% 90.63% 

AEP 
88.54% 

R = 10, H=6, S = 4 
𝑇%&'	 10 12 14 

Route 
0-11-18 0-11-18 0-17 
1-12-19 1-16 1-16 

2-18 2-18 2-16 



 

85 

3-19 3-12-19 3-18 
4-13-17 4-13-17 4-13-16 

5-18 5-18 5-11-18 
6-10-17 6-10-15-17 6-10-16 
7-12-19 7-19 7-12-19 
8-14-17 8-15-17 8-14-15-17 
9-15-17 9-14-17 9-17 

Indicator 

EP 
100% 100% 100% 

AEP 
100% 

R = 11, H=5, S = 4 
𝑇%&'	 10 12 14 

Route 

0-11-18 0-11-18 0-11-18 
1-16 1-16 1-18 
2-19 2-17 2-13-17 
3-18 3-18 3-18 

4-13-17 4-13-17 4-15-17 
5-18 5-18 5-18 
6-17 6-17 6-15-17 

7-12-19 7-12-19 7-12-19 
8-14-17 8-14-18 8-18 

9-18 9-11-18 9-14-18 
10-15-17 10-15-17 10-15-17 

Indicator 

EP 
100% 100% 100% 

AEP 
100% 

 
Table 3.2 SRM-Case2 

R = 5, H=11, S = 4 
𝑇%&'	 10 12 14 

Route 

0-8-17 0-8-17 0-8-10-16 
1-5-11-18 1-5-11-18 1-9-6-19 

2-16 2-14-12-16 2-14-7-17 
3-17 3-7-17 3-5-11-18 

4-13-16 4-13-10-16 4-15-12-16 

Indicator 

EP 
53.13% 75% 84.38% 

AEP 
70.84% 

R = 6, H=10, S = 4 
𝑇%&'	 10 12 14 

Route 0-8-17 0-8-17 0-8-10-16 
1-11-18 1-6-19 1-9-6-19 
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2-16 2-14-12-16 2-14-10-16 
3-18 3-7-17 3-7-17 

4-13-16 4-13-10-16 4-15-12-16 
5-18 5-11-18 5-11-18 

Indicator 

EP 
56.25% 84.38% 90.63% 

AEP 
77.09% 

R = 8, H=8, S = 4 
𝑇%&'	 10 12 14 

Route 

0-10-16 0-8-17 0-12-16 
1-19 1-18 1-9-19 
2-19 2-14-12-16 2-14-10-16 
3-18 3-17 3-18 

4-13-16 4-13-16 4-13-10-16 
5-11-18 5-11-18 5-11-18 

6-19 6-9-19 6-9-19 
7-17 7-10-16 7-8-17 

Indicator 

EP 
68.75% 90.63% 93.75% 

AEP 
84.38% 

R = 10, H=6, S = 4 
𝑇%&'	 10 12 14 

Route 

0-10-16 0-16 0-16 
1-18 1-11-18 1-11-18 
2-19 2-14-12-16 2-14-19 
3-18 3-18 3-17 

4-13-16 4-13-16 4-13-16 
5-11-18 5-11-18 5-17 

6-19 6-19 6-11-18 
7-16 7-10-16 7-12-10-16 
8-17 8-10-16 8-16 
9-19 9-11-18 9-18 

Indicator 

EP 
81.25% 90.63% 93.75% 

AEP 
88.54% 

R = 11, H=5, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-17 0-12-16 
1-18 1-18 1-11-18 
2-19 2-14-12-16 2-14-16 
3-18 3-18 3-17 

4-13-16 4-13-16 4-15-19 
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5-18 5-11-18 5-11-18 
6-19 6-11-18 6-11-18 
7-16 7-16 7-14-16 
8-17 8-16 8-17 

9-11-18 9-11-18 9-11-18 
10-12-16 10-12-16 10-13-16 

Indicator 

EP 
87.5% 93.75% 100% 

AEP 
93.75% 

 
Table 3.3 SRM-Case3 

R = 5, H=11, S = 4 
𝑇%&'	 10 12 14 

Route 

0-7-17 0-7-17 0-7-17 
1-14-19 1-10-14-19 1-10-14-19 
2-8-18 2-8-18 2-8-18 
3-5-19 3-11-9-19 3-9-11-5-19 
4-17 4-13-17 4-13-12-17 

Indicator 

EP 
56.25% 71.88% 81.25% 

AEP 
69.79% 

R = 6, H=10, S = 4 
𝑇%&'	 10 12 14 

Route 

0-8-17 0-8-17 0-8-10-16 
1-11-18 1-6-19 1-9-6-19 

2-16 2-14-12-16 2-14-10-16 
3-18 3-7-17 3-7-17 

4-13-16 4-13-10-16 4-15-12-16 
5-18 5-11-18 5-11-18 

Indicator 

EP 
56.25% 84.38% 90.63% 

AEP 
70.09% 

R = 8, H=8, S = 4 
𝑇%&'	 10 12 14 

Route 

0-10-16 0-8-17 0-12-16 
1-19 1-18 1-9-19 
2-19 2-14-12-16 2-14-10-16 
3-18 3-17 3-18 

4-13-16 4-13-16 4-13-10-16 
5-11-18 5-11-18 5-11-18 

6-19 6-9-19 6-9-19 
7-19 7-10-16 7-8-17 
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Indicator 

EP 
68.75% 90.63% 93.75% 

AEP 
84.38% 

R = 10, H=6, S = 4 
𝑇%&'	 10 12 14 

Route 

0-10-16 0-16 0-16 
1-18 0-11-18 1-11-18 
2-19 2-14-12-16 2-14-19 
3-18 3-18 3-17 

4-13-16 4-13-16 4-13-16 
5-11-18 5-11-18 5-17 

6-19 6-19 6-11-18 
7-16 7-10-16 7-12-10-16 
8-17 8-10-16 8-16 
9-19 9-11-18 9-18 

Indicator 

EP 
81.25% 90.63% 93.75% 

AEP 
88.54% 

R = 11, H=5, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-17 0-12-16 
1-18 1-18 1-11-18 
2-19 2-14-12-16 2-14-16 
3-18 3-18 3-17 

4-13-16 4-13-16 4-15-19 
5-18 5-11-18 5-11-18 
6-19 6-11-18 6-11-18 
7-16 7-16 7-14-16 
8-17 8-16 8-17 

9-11-18 9-11-18 9-11-18 
10-12-16 10-12-16 10-13-16 

Indicator 

EP 
87.5% 93.75% 100% 

AEP 
93.75% 

 
Table 3.4 SRM-Case4 

R = 5, H=11, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-17 0-9-17 
1-9-17 1-9-8-17 1-6-13-18 

2-7-10-19 2-10-7-19 2-6-5-18 
3-16 3-16 3-17 
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4-12-19 4-12-19 4-7-10-19 

Indicator 

EP 
53.13% 56.25% 68.75% 

AEP 
59.29% 

R = 6, H=10, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-16 0-9-17 
1-9-17 1-9-8-17 1-8-17 

2-7-10-19 2-7-10-19 2-12-19 
3-16 3-16 3-16 

4-12-19 4-12-19 4-7-10-19 
5-13-6-18 5-13-6-11-18 5-6-13-11-18 

Indicator 

EP 
71.88% 78.13% 84.38% 

AEP 
78.13% 

R = 8, H=8, S = 4 
𝑇%&'	 10 12 14 

Route 

0-10-16 0-8-17 0-12-16 
1-19 1-18 1-9-19 
2-19 2-14-12-16 2-14-10-16 
3-18 3-17 3-18 

4-13-16 4-13-16 4-13-10-16 
5-11-18 5-11-18 5-11-18 

6-19 6-9-19 6-9-19 
7-17 7-10-16 7-8-17 

Indicator 

EP 
68.75% 90.63% 93.75% 

AEP 
84.38% 

R = 10, H=6, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-17 0-16 
1-17 1-16 1-16 
2-19 2-12-19 2-10-12-19 
3-16 3-16 3-16 

4-12-19 4-16 4-12-19 
5-13-18 5-13-11-18 5-13-11-18 
6-11-18 6-18 6-19 
7-10-19 7-10-19 7-19 
8-15-17 8-15-14-17 8-15-14-17 
9-14-17 9-16 9-16 

Indicator EP 
100% 100% 100% 



 

90 

AEP 
100% 

R = 11, H=5, S = 4 
𝑇%&'	 10 12 14 

Route 

0-16 0-17 0-12-16 
1-18 1-18 1-11-18 
2-19 2-14-12-16 2-14-16 
3-18 3-18 3-17 

4-13-16 4-13-16 4-15-19 
5-18 5-11-18 5-11-18 
6-19 6-11-18 6-11-18 
7-16 7-16 7-14-16 
8-17 8-16 8-17 

9-11-18 9-11-18 9-11-18 
10-12-16 10-12-16 10-13-16 

Indicator 

EP 
87.5% 93.75% 100% 

AEP 
93.75% 

 
Table 3.5 SRM-Case5 

R = 5, H=11, S = 4 
𝑇%&'	 10 12 14 

Route 

0-6-15-19 0-6-15-19 0-6-14-19 
1-5-11-19 1-14-5-15-19 1-15-5-19 

2-16 2-16 2-10-16 
3-8-11-17 3-8-11-17 3-8-11-18 
4-14-19 4-9-12-19 4-9-12-19 

Indicator 

EP 
68.75% 75% 81.25% 

AEP 
75% 

R = 6, H=10, S = 4 
𝑇%&'	 10 12 14 

Route 

0-6-19 0-6-16 0-14-19 
1-14-15-19 1-15-19 1-6-19 

2-16 2-19 2-10-16 
3-8-11-17 3-8-11-17 3-11-8-18 

4-9-18 4-9-12-19 4-12-9-19 
5-14-15-19 5-14-19 5-15-19 

Indicator 

EP 
(24) 0.75 (26) 0.8125 (28) 0.875 

AEP 
 

R = 8, H=8, S = 4 
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𝑇%&'	 10 12 14 

Route 

0-14-19 0-14-15-19 0-14-19 
1-14-19 1-14-19 1-15-14-19 

2-16 2-16 2-14-19 
3-8-11-17 3-8-11-17 3-8-11-17 

4-9-19 4-9-12-19 4-9-12-19 
5-14-15-19 5-14-15-19 5-19 

6-16 6-16 6-15-14-19 
7-16 7-17 7-10-16 

Indicator 

EP 
78.13% 84.38% 90.63% 

AEP 
84.38% 

R = 10, H=6, S = 4 
𝑇%&'	 10 12 14 

Route 

0-19 0-14-15-19 0-15-19 
1-15-19 1-14-15-19 1-15-14-19 

2-16 2-16 2-19 
3-11-17 3-11-17 3-13-17 

4-18 4-14-19 4-15-14-19 
5-15-14-19 5-16 5-14-19 

6-19 6-16 6-15-19 
7-16 7-17 7-10-16 
8-18 8-11-17 8-11-17 
9-18 9-12-19 9-12-18 

Indicator 

EP 
81.25% 87.5% 100% 

AEP 
89.58% 

R = 11, H=5, S = 4 
𝑇%&'	 10 12 14 

Route 

0-14-15-19 0-15-19 0-15-14-19 
1-19 1-15-19 1-16 
2-16 2-16 2-14-19 

3-11-17 3-11-17 3-11-18 
4-18 4-18 4-15-14-19 

5-14-15-19 5-19 5-15-14-19 
6-19 6-16 6-19 
7-16 7-16 7-16 
8-18 8-11-17 8-13-18 
9-19 9-12-18 9-12-19 

10-16 10-16 10-19 

Indicator 
EP 

87.5% 93.75% 100% 
AEP 
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93.75% 
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