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CHAPTER I 

INTRODUCTION 

Natural disasters have existed since the beginning of the time. As time 

progressed, humans' attempts to deal with and prepare for disaster have improved. 

Hurricanes result in disasters. They have had a tremendous impact on the people and 

economies in the United States and the nations of the Caribbean. When measured in 

terms of past loss of life and property damage, hurricanes rank near the top of all natural 

hazards. Hurricane Andrew, the costliest hurricane on record, caused approximately $30 

billion dollars in damage to Florida and Louisiana. Despite significant reductions in the 

number of deaths from hurricanes, the potential for large losses still exists. 

Regardless of changes to the climate, our vulnerability to hurricanes will rise at an 

increasing rate as economic development continues on islands and along the shoreline. In 

the United States, the most dramatic increases in coastal populations have occurred in the 

south from Texas to Florida and northward to North Carolina. Today, approximately 45 

million people live in coastal communities from Brownsville, Texas, to Eastport, Maine. 

This number is almost 16% of the total U.S. population. In addition, the population of 

the hurricane-prone U.S. Virgin Islands is about 110,000 with another nearly 3.8 milHon 

people living in Puerto Rico, 11 milhon in Cuba, 8 miUion in the Dominican Republic, 

and 6.6 million in Haiti. Furthermore, the Atlantic and Caribbean shorelines atfract a 

large number of tourists and weekend vacationers. As a result of tourism, hurricane 

evacuation problems will be compounded due to the fact that tourist season coincides 



with the time of greatest hurricane threats, particularly along the southeastern coast of the 

United States. Since the new development of hurricane routes has not kept pace with 

population growth, it takes much longer to evacuate a threatened area with additional 

population. 

The highest priority for hurricane forecast and waming is the protection of life 

because the better people are informed, the better they can prepare. Thus, geographers, 

meteorologists, climate scientists, economists, and decision-makers in government and 

industry work together to improve the observation, analysis, and forecasting of 

hurricanes. Today's science and technology leads to improvements in these forecasts for 

better preparedness and more precise evacuation statements. 

Individual response to a hurricane varies. People's assessment depends upon past 

experience and judgment relative to the severity of storms, economic activity, and 

credibility of wamings. Therefore, knowledge of uncertainty and risk is an essential 

component of decision-making. The meaning of risk and uncertainty depends on the 

context. The decision-makers are a broad, divergent group, and their decisions will be 

driven by the relevant pieces of information. However, decision-makers lack information 

about a result of a chosen act and realization of a particular situation. Furthermore, the 

consequences of their decisions are not precisely known until the state of nature is 

realized. Researchers have conducted sample surveys about decision-makers' behavior 

during a hurricane evacuation from Texas to Massachusetts. The resulting database 

allows many feasible generalizations and addresses questions about risk management and 

other opportunities with regard to the hurricane threat. The challenge is to improve 



public and private decision-making with the help of these scientific studies. My 

dissertation will evaluate this issue from both theoretical and applied perspectives. 

Chapter II is a review of literature pertaining to the evacuation problem generally 

and evacuation behavioral analysis specifically. Furthermore, a discussion of findings 

and recommendations for policy issues in hurricane preparedness and response is 

included in this chapter. The purpose of this review of literature is to lay the foundation 

for the analysis of applications and theoretical models in the remaining chapters. Chapter 

m presents the development of fuzzy logic procedures for modeling individual decision

making processes under lexical uncertainty. The benefit of this procedure is that it 

provides essential understanding of risk assessment for households and their willingness 

to evacuate and shelter under hurricane threat. Chapter III also presents a detailed 

transportation model for evacuation planning and operations for different evacuation 

scenarios. Three models are developed to obtain numbers of vehicles participating in 

evacuation including fransient vehicles, busses, ambulances and other specially equipped 

vehicles according to weekday and weekend evacuation. In addition, this chapter 

evaluates GIS use by planners in the management of emergency evacuations and provides 

an application of the Willingness to Evacuate (WTE) and Willingness to Shelter (WTS) 

model to Corpus Christi, Texas. Chapter IV examines qualitative possibility theory in 

decision analysis. The purpose of this chapter is to evaluate and axiomatically justify a 

qualitative counterpart of von Neumann and Morgenstem's (1944) expected utility theory 

in order to determine the decision-maker's behavior in the face of uncertainty. In 

Chapter V, an illustrative example for the evacuation decision is provided to examine 



modeling capabihties of fuzzy sets and possibility theory in decision analysis for both 

preferences and uncertainties in a qualitative way. 

My concluding chapter will summarize findings and recommendations of the 

examined theories and applications. I believe that the contribution of this study will be to 

provide insight for policy makers to interpret information for their decision-making needs 

and to enable them to carry out better evacuation planning to save lives, and to prevent 

injuries and property losses. 



CHAPTER n 

REVIEW OF LITERATURE 

2.1 Introduction 

Today, the world is at greater risk from hurricanes and tropical cyclones than ever 

before. Hurricane threats affect an increasing number of people because of population 

growth, increased development and urbanization of the coastal zone, and long-term 

climatic trends. Hurricane threats include storm surge flooding, high-speed winds and 

tomadoes, rainfall-induced flooding and landslides, and coastal erosion. Although recent 

technological improvements of forecasting and waming systems have reduced the 

number of hurricane evacuations and fatalities, the U.S. still suffers casualties and annual 

monetary losses, which are increasing at an exponential rate. 

Since unnecessary evacuations are expensive, disruptive, and unpopular, detailed 

evacuation master plans for different scenarios help emergency managers to decide when 

to order an evacuation. Public officials need more detailed evacuation plans and 

operations that indicate proper zones to evacuate, estimate evacuation times, choose the 

best routes, and allocate evacuees to different shelters. Thus, development of 

transportation evacuation models gives better estimates of clearance times and best 

evacuation routes. 



2.2 Description of Evacuation 

To characterize the evacuation problem, we need to extend the definition of 

evacuation stages. 

What is evacuation? 

According to the Australian Emergency Manuals series (1998): 

Evacuation is a risk management strategy, which may be used as a means 
of mitigating the effects of an emergency or disaster on a community. It 
involves the movement of people to a safer location. However, to be 
effective it must be correctly planned and executed. The process of 
evacuation is usually considered to include the retum of the affected 
community, (p.l) 

Little or no waming and limited preparation time that forces immediate action is 

called immediate evacuation, while an event that provides adequate waming and 

sufficient preparation time is called pre-waming evacuation. Flood, cyclone, and storm 

surge may be considered pre-wamed evacuation. Although evacuation is considered an 

important element of emergency response, there will be some severe weather events 

during which people will be safer to stay in the affected area and take shelter. 

In general, the evacuation process contains five stages: Decision to evacuate, 

Waming, Withdrawal, Shelter, and Retum. 

As the implications of decision to evacuate, which includes saving lives and 

preventing injury, authorities' roles and responsibilities should be clearly identified in 

evacuation plans. Factors that should be taken into account in making this decision 

include vulnerability analysis and best protective strategy; potential for risk to evacuees 

during the event; available lead time; the time and resources necessary to carry out the 



evacuation; egress; and access routes; available resources including transportation and 

emergency personnel; temporary accommodations; assessment of available information; 

a current and practiced evacuation plan; special-needs buildings or people; and the 

difference between residential and non-residential area. 

An evacuation waming is the second of the five stages and influences the 

effectiveness of evacuation, which may include time, distance, visual evidence, threat 

characteristics, and sense of urgency demonstrated by the emergency services. Therefore, 

an evacuation waming must be structured to involve the community, media, emergency 

services, government agencies, private industry, and non-government organizations. The 

removal of people from dangerous or potentially dangerous areas to safer areas is the third 

stage of the evacuation process. The evacuation plan must provide arrangements, reasons, 

and details of the decision including the hazard, impact and effects, area to be evacuated, 

current conditions, and predicted conditions. 

As the fourth stage of the evacuation process, shelters provide for the temporary 

respite of evacuees. The shelter provides basic human needs including accommodation, 

food and water, sanitation, electricity, communications, and storage. The number and 

capacity of shehers influence evacuation times because the location and use of sheUers in 

a region determine the time needed by evacuees to escape from origin points to safe 

areas. 



2.3 Evacuation Behavioral Analysis 

The hurricane evacuation process depends upon many factors, including pubhc 

response and hurricane evacuation planning. According to Northeast Florida Hurricane 

Evacuation Study (1998), prepared by Eari J. Baker, the public responses having the 

greatest impact upon an evacuation are: 

1. The number of evacuees participating in evacuation. 

2. How quickly evacuees leave. 

3. The number of evacuees seeking public shelters. 

4. The number of evacuees leaving the local area and the evacuation destination. 

5. Intended use or number of vehicles used by evacuees during the evacuation. 

An evacuation plan contains assumptions about behaviors such as those discussed 

above, regardless of how detailed the plan is. 

According to Baker (1998), there are at least three basic ways to derive behavioral 

assumptions: 

1. Conduct interviews in a large number of locations asking what people did 

when a sequence of hurricane threatened, documenting patterns of their locale, 

behavior under various conditions (general response model). 

2. Conduct interviews asking people what they did in one particular evacuation 

(single event survey). 

3. Conduct interviews asking people what they would do during a hurricane 

threat (intended response survey), (p.2) 

Dow and Cutter (1998) examined the impact of repeated "false alarms" 

(evacuations ordered based on expectations of hurricane landfall that proved to be wrong) 



during the 1996 hurricane season. They studied evacuation behavior of residents in two 

South Carolina communities, Hilton Head and Myrtle Beach, hi 1996, the governor of 

South Carolina issued evacuation orders along the entire South Carolina coast for the two 

hurricane events. Bertha and Fran, hi each case, the hurricane made landfall in North 

Carolina and, thus, created a "near miss" for South Carolina. These two hurricane events 

offered a unique opportunity for Dow & Cutter to examine the impact of unnecessary 

evacuation. This recent history of repeated "misses," "near-misses," and "hits" influence 

the credibility of forecasters and local officials. The impact of false alarms on future 

evacuations is referred to as the "crying wolf syndrome" by Breznitz (1984). Repeated 

false alarms reduce the credibility of waming systems and, therefore, affect evacuation 

behaviors towards hurricane threats. Dow and Cutter (1998) asked respondents, "What 

convinced you to leave the area?" to investigate the decision-making criteria. Residents 

provided multiple reasons, not single dominated responses, for decision-making. For 

Bertha and Fran, evacuees put almost equal weight on the govemor's order/advice, and 

Weather Channel/National Weather Service/local news and other (22-25%). They did not 

give much weight to local officials/local emergency responders, actions ofadvice from 

friends or family, or severity of storm/probability of a "hit" (5.2-13.1%). 

Dow and Cutter expected local radio and television to be perceived as credible 

sources; however, respondents preferred the Weather Channel as one of the most reliable 

sources of information for Bertha and Fran. Evacuees assessed reliability of total media 

(including general, local, the Weather Channel, and radio) and favored them 



approximately 85%, while other sources like govemor's order, actions of 

friends/neighbors; personal experience and other were favored less than 10% each. 

Dow and Cutter indicated that personal assessment of characteristics of hurricane 

threat, the quality of home constmction, location, family safety and needs, and data on 

storm tracks, strength and probabilities played a larger role in evacuation behavior than 

reported in previous studies. They also indicated that reliance on the media, and the 

Weather Channel in particular, was more pronounced than in prior research. According 

to their survey, emergency managers seem to have little effect on evacuation decisions of 

local residents because they are now being observed as traffic control officers, caretakers 

for tourists and major obstacles to reentry after the storm. Most electronic media 

information is inconsistent with official wamings from the govemor. Their major fmding 

is that coordinated advisories with "one voice", and thus one set of information, may help 

reduce some of the confusion and improve the credibility of state-elected and emergency 

response officials. 

According to the evacuees, risk decision-making determines their participation, 

i.e., leaving the high-risk area to go to a safer place. The Baker (1998) survey listed 

reasons for refusing to evacuate if ordered: home is safe from wind and water; home is 

safe from water; home is safe from wind; not necessary; no transportation; no place to go; 

disabled; animals; protect home from looters; protect home from storm; have to work; 

left unnecessarily in the past; god will protect; don't know; and don't care. The 

percentages were generally less than 5% each. However, the most common reason given 

for refusing to evacuate was the belief that one's home would be safer (44%), and the 
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second most common was to protect one's home either from the storm or from looters (9 

and 7%, respectively). 

Factors such as age, gender, and past experience of a hurricane are poor predictors 

of risk perception and evacuation behavior (Aguirre, 1991; Baker, 1991; Cross, 1990). In 

general, personal risk perception, severity of the storm, and damage expectations are 

better predictors of evacuation behavior. 

Driscall and Salmon (1996) indicate that even though sources of information for 

waming system are available from a variety of media as well as through informal 

networks and direct communications with response personnel, mass media (especially 

television) is the most credible source of hazard information. 

The second cmcial behavior to hurricane evacuation is evacuation response 

timing. Depending on the circumstances of the particular threat, people will leave 

promptly or slowly. When people believe that they have plenty of time to depart, which 

most people tend to believe, they leave slowly; for instance, they wait to leave until the 

day following the evacuation waming, rather than travel at night. 

Evacuation response time also varies because of the error inherent in hurricane 

forecasting. Especially, the category of hurricane is a strong determinant for people's 

risk assessment and their participation in a hurricane evacuation. First, people assess the 

risk area they live in and decide if they are in a danger zone according to hurricane 

hazards (wind and/or storm surge) for different hurricane categories. Second, their 

response will be different because clearance times will be different for hurricane 

categories. Hurricane intensity is determined using the Saffir/Simpson Scale, which 

11 



classifies hurricanes from category 1 to 5 on the basis of actual rotational wind speeds to 

estimate possible damage (Table 2.1). 

Table 2.1 Saffir-Simpson Scale 

Hurricane Category 

1 

2 

3 

4 

5 

Windspeed (MPH) 

74-95 

96-110 

111-130 

131-155 

>155 

Possible Damage 

Minimal 

Moderate 

Extensive 

Extreme 

Catastrophic 

The hurricane disaster- potential scale was developed in the 1970s by the United 

States' National Weather Service (NWS). The purpose of using a classified disaster-

potential scale is to give public safety officials more information on the potential for wind 

and storm-surge damage from a hurricane threatening the coastal community. Saffir-

Simpson scale, named after its authors Herbert Saffir and Robert H. Simpson, represents 

an estimate of the potential harm from a direct hit on a coastal area. This scale is used by 

the National Hurricane Center (NHC) and the NWS and is based on maximum sustained 

one-minute averaged surface winds. Much of the hurricane damage to the coastal 

communities results from the magnitude of the storm surge. The effects of hurricanes are 

described below. 
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A Category 1 hurricane on the Saffir/Simpson scale has winds between 74-95 

mph and damage from these hurricanes is primarily to small trees, foliage, and 

unanchored mobile homes. A Category 2 hurricane on the Saffir/Simpson scale has winds 

of 96 to 110 mph and damage to trees and foliage can be considerable. Damage to 

mobile homes will be significant and minor damage to roofs and windows of anchored 

buildings and homes is common. With Category 2 hurricanes, there is the potential for 

considerable damage to piers and marina fiooding because storm surge can reach 2 

meters above normal. It also can cause flooding to coastal roads and low-lying 

evacuation routes 2 to 4 hours before landfall. 

In the Category 3 hurricanes, winds are between 111 to 130 mph, and these wind 

speeds are capable of completely destroying mobile homes, uprooting large trees, and 

tearing foliage entirely. Storm surge can reach 3 meters above normal, cause widespread 

flooding at the coast, and damage smaller stmctures on the coast. The low-lying 

evacuation routes are expected to be cut off by rising waters 3 to 5 hours before hurricane 

landfall. 

A Category 4 hurricane has winds of 131 to 155 mph and causes extensive 

damage to roofs, windows, and doors and can blow down large shrubs and frees. 

Widespread flooding occurs up to 10 km inland because storm surge can reach 4 to 5 

meters above normal. Due to major damage, including wave action on stmctures near the 

shore and floating debris, massive evacuation of all coastal residents within 200 m of 

shore is advised. 
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A Category 5 hurricane has winds in excess of 155 mph and causes very severe 

and extensive damage on buildings that can be completely overtumed or blown away. It 

can cause catastrophic damage to all stmctures within 150 m of shore because storm 

surge can exceed 5 meters above normal height. According to the risk area and category 

of hurricane, evacuation response rates can be shown with behavioral response curves, 

which 

Depict slow, medium, and rapid responses by the public to an evacuation 
order. Typically, a small percentage of households will start before an 
order is issued. Upon receiving the evacuation order, some percentage of 
households will leave within an hour, some within two hours, some within 
three, etc. A curve can be drawn to show the cumulative percentage of 
households that has entered the evacuation network over a number of 
hours. A rapid loading of the network produces a quickly rising curve; a 
medium loading produces a flatter curve, etc. (Zaragoza, 1998)(p.3). 

Baker (1998) indicated three different timing response curves for evacuation 

planning. Eventually, the region will experience all three. The actual time for evacuation 

differs from place to place, depending upon the number of hours that is needed to reach a 

safer area. People living in non-surge areas tend to wait longer than those who Uve in 

coastal areas because their current location is at a lower risk and they have shorter 

distances to travel to reach the safe area than other evacuees do. According to the 

evacuation response curve represented by Baker, at 4 hours after evacuation order, 

approximately 75% of fast response evacuees, 50% of medium response evacuees, and 

30%) slow response evacuees evacuated. 
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Baker (1998) reported that the majority of respondents in all risk areas indicated 

that they would stay with friends or relatives if they evacuated. They favored hotels and 

motels as the second option in Category 1,1-2, and 3-4 surge zones. Public shelters were 

favored second in Category 2-3 areas and in non-surge areas. The percentage of people 

who did not know where they would go was between 10% and 22%, and the percentage 

who said they would go public shelters was fewer than 15% in three of the five risk areas. 

Twenty-seven to 29%) said they would use public shelters in category 2-3 and non-surge 

zones. 

The survey used several variables associated with the intention to use public 

shelters. People who did not evacuate in Bertha said they would go to a public sheher in 

the hypothetical scenario more than people who did evacuate. More importantly, the 

number of people who went to public shelters in Bertha was not significant. People 

living in mobile homes, people without children in households, and people without pets 

favored public shelters more than others did. Cat owners were less likely than others to 

say they would go to a public shelter, while having a dog made no difference. People 

who intended to take their pets with them were less likely than others to use a public 

shelter. Age was not a clear indication of public shelters use. People aged 25 to 55 were 

least likely to plan to use public shelters, while younger and older people were more 

likely to say they would go to public shelters. The most important demographics, income 

and race, were statistically significant. Also, risk and income were the two most 

consistent predictors of shelter demand. Evacuees living in high-risk areas tended to use 

public shelters more than those from inland areas. Poorer and non-white respondents 
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were more likely to intend to go to a public shelter even when their incomes were 

comparable. The percentage of evacuees who went to public shelters was lower than the 

percentage that intended to go to a shelter. Use of public shelters depended on 

availability and location of public shelters and actions taken by officials to encourage or 

discourage their use. Likewise, public shelter use was a good option for visitors, tourists, 

and people who lacked other options. 

Evacuation destinations and evacuation route options are important factors in a 

transportation analysis. Whether evacuees choose to go to places near their own homes 

or farther away is the most important factor. 

According to Baker (1998), the percentage of people who said they would leave 

their own counties if they evacuated was smaller in Category 3-4 (64%)) than in Category 

1 (71%). Intention to go to a neighborhood destination was higher in Category 2-3 and 

non-surge areas. Most evacuees living in all different risk zones left their own county in 

Bertha (63%)-68%)) regardless of the risk zone. 

Baker tested different variables to assess their association with intended 

destinations and actual destinations. Oldest and youngest age groups, lower income and 

minority, and people planning to take their pets when they evacuate were more likely to 

plan to stay in their own counties. 

The last, and probably the most important, process is transportation modeling 

because it contemplates the number of vehicles evacuating, not the number of people. 

Intended use and type of vehicles by households must be anticipated by emergency 
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management officials to estimate traffic flow and the number of people who will need 

assistance in order to evacuate. 

According to Baker (1998), the number of vehicles available for use in an 

evacuation was almost 2 vehicles per household (1.62 - 2.06) in most counties. The 

percentage of available vehicles used ranged from 64% to 72%. The number of vehicles 

per evacuating household was higher in Category 1-2 zones (1.5) than category 2-3 areas 

(1.29). 

The intent to pull a trailer or camper or to take motor homes to evacuate has an 

impact on traffic fiow. People living in coastal (high-risk) areas are more likely to have 

boats. Although the percentage of respondents that intend to pull boats, frailers, and 

campers is lower than 10% based on survey data, their impact on traffic flow in an 

evacuation can be considerable. 

A Socioeconomic Hurricane Evacuation Impact Analysis and A Hurricane 

Evacuation Impact Assessment Tool (Methodology) for Coastal North Carolina (1999) 

indicated that North Carolina has experienced substantial growth since the 1970s. The 

state, as a whole, has grown by 49%) and some coastal counties have experienced 

population growth ranging from 250 to 400% since the 1970s. Hurricane evacuations 

today, therefore, would affect 370,000 residents compared to 250,000 in the 1970s. 

Survey data was gathered from 1,045 households and 601 businesses in North 

Carolina's eight coastal counties by John Maiolo, Albert Delia, John Whitehead, Bob 

Edwards, Kenneth Wilson, Marika Van Willigen, Claudia Williams, and Melanie 

Meekins (1999) to evaluate the economic impact of evacuation. According to the survey. 

17 



91% of residents had experienced a hurricane at some point in their lives and, among 

these residents, 38%) had evacuated their homes for hurricanes before Bonnie and 26% 

evacuated their homes as Hurricane Bonnie approached. Among coastal residents, 56.3% 

had never evacuated their homes for any hurricanes, while 18.3% had evacuated in the 

past but did not evacuate for Hurricane Bonnie. In addition to this, 20.1%) of coastal 

residents had evacuated before and for Bonnie and 5.3% experienced first evacuation for 

Bonnie. Seventy-five percent of coastal residents choose not to evacuate for Bonnie and, 

among these, 13.1% reported that the decision to evacuate was too difficult to make, 

while 86.8%) reported making that decision easily. Among coastal residents, the vast 

majority who had experienced at least one prior hurricane reported that half of them had 

experienced three to six previous hurricanes. However, 79.4% of coastal residents 

monitored weather reports very closely, 17.9% monitored closely, while 2.7%) failed to 

monitor weather reports closely during Hurricane Bonnie. Furthermore, 64.3%) assessed 

that "all" necessary information was provided by weather broadcasts during the hurricane 

watch and waming, while 28.8% indicated "most." The others indicated that "some" or 

"none" of the needed information had been provided by weather reports. 

Residents stated that the most important reasons for not evacuating were: threat 

not serious enough (68.3%), protect my property (10.5%), concem for pets (4.2%), my 

job required me to stay (2.4%), did not want to miss work (1.6%)), nowhere to go (1.2%)), 

not sure where to go (0.9%), physically unable to evacuate (0.8%), roads were closed 

(0.5%)), not enough time (0.3%), no means of transportation (0.3%)), had car trouble 

(0.1%)), and other reasons (8.9%). They also stated that the most important reasons for 
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evacuating were: personal risk and safety (31.8%), risk to my family (20.5%), threat to 

home and property (14.8%o), hurricane watch and waming {9.8%), fear of flooding 

(6.8%)), evacuation order (6.1%), concem about pets (0.4%), and other (9.8%). 

Coastal residents who evacuated their homes for Bonnie stayed with family or 

fiiends (68.8%), hotel/motel (6.4%), and other accommodations (8.6%). In general, 

housing characteristics and length of time people had lived in their current residents 

influenced the perception of hurricane risk and decisions to evacuate or not. 

Approximately 74.8%) of coastal residents lived in detached houses, 9.1%) lived in 

apartments or town houses, and 15.3% live in mobile homes, which would place them at 

greater risk from wind damage. Also, 78.5%) of coastal households were owner occupied, 

while 20%) were rented. These coastal residents had lived in their current homes an 

average of eleven years, and half of them had lived in their current home between three 

and fifteen years. 

With regard to the demographic profiles, 38.3%) of coastal residents had children 

under the age of eighteen; 83.8% of respondents were white, 12.4%) were African-

American, and 3.7%) were other. Among these, 62.4%) were women; 37.5%) had at least a 

high-school education, 33%) had completed some college or trade school, and 29.4%) had 

at least a four-year college degree. Overall, respondents were an average of 46.6 years of 

age, 60.4%) of them were working full or part-time, and 2.5% were currently in the 

military. Finally, 2.6%) of households lacked access to a car when Bonnie approached the 

coast, while most households experienced no problem getting access to a working 

automobile. 
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The survey also reported that most coastal businesses were small, with fewer than 

ten employees, and one-third of them indicated that they have not received adequate 

information needed for hurricane preparation. For most businesses, the total evacuation 

cost for each day closed was found to be $4361. The evacuation costs for tourism-based 

businesses faced with a mandatory or voluntary evacuation order were more likely higher 

than others. Overall, the average evacuation cost for firms was $17,593, including 

preparation, loss of customers, losses due to business closure, and total evacuation 

closure. Therefore, total evacuation cost was found to be $30.6 milhon for businesses. 

The survey indicated that 48,102 households, just over 26%) of aU coastal 

households, evacuated during Bonnie and the total cost of all households, including direct 

costs of evacuation (lodging, food, automobile, etc.), and indirect costs (lost earnings), 

was estimated to be $15.5 million. Finally, the combined total for business and 

household losses were found to be $46.1 million for North Carolina due to Hurricane 

Bonnie. 

Zaragoza, Burris, and Mierzejewski (1998) indicated that comparison of 

estimated and observed clearance times can be used to measure accuracy of 

transportation plaiming methodologies. The report presents a summary of the evacuation 

traffic characteristics experienced during Hurricane Opal on October 3 and 4, 1995, in 

Florida. According to the study, evacuation was ordered from the evening of Tuesday, 

October 3, to the moming of the following day. Some emergency management agencies 

observed a "no night time evacuation" policy and some countries, therefore, delayed 

issuing their evacuation orders until daylight hours. Furthermore, this situation 
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contributed to congestion on evacuation routes, although some county emergency 

management agencies ordered evacuations in the afternoon. There were thousands of 

evacuees who possibly could have been caught by violent wind on open highways, but 

the weakening of Opal just before making landfall prevented this potential disaster. 

This study compared estimated clearance times with measured duration of 

substantial evacuation traffic (observed clearance time) for Hurricane Opal. However, 

according to the report, this comparison would not be accurate because evacuations were 

not completed before the Opal's landfall. However, this report makes some 

recommendations, which are intended to specifically improve future hurricane evacuation 

studies. The major recommendations and conclusions are summarized below: 

Hurricane Evacuation Study Program and Analyses 

• Regional approach toward evacuation studies and actual evacuation 

implementation/traffic issues 

• Up-to-date evacuation studies with current socioeconomic data 

• Distinct evacuation zones, their meaning, and evacuation based on 

surge probability; 

Evacuation Decision Making Training and Review 

• General education on the use of evacuation study and decision making 

tools 

• Education of elected officials and support agencies relating to the 

importance of cooperative efforts of each during an evacuation event 

• Coordinated decision making among jurisdictions to minimize conflicts 

and redundancies, especially in regional evacuation scenarios; 
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Traffic Control 

• Evacuation concerns in highway constmction and maintenance of 

traffic plans 

• Use of traffic counters for gathering evacuation traffic data 

• Additional evacuation route signage; 

Public Education, PubUc Information, Public Warning 

• Availability and content of hurricane threat and evacuation brochures 

for tourist/visitor populations 

• Department and communication of policies regarding specific 

populations that should and should not evacuate and under what 

circumstances 

• Improved dissemination of evacuation route conditions and altemative 

routing; 

Communications 

• Mitigative measures to protect vital communications facilities; 

Sheltering 

• Identification of additional shelter locations and cooperation with 

representatives of potential shelter sites 

• Sheltering as a regional concem 

• Public education relating to the need to seek (or not seek) shelter 

• Sheltering issues for those with special needs. (Zaragoza, 1998)(p.48). 

In response to the threat of Hurricane Floyd, South Carolina Govemor Jim 

Hodges ordered the largest mandatory peacetime evacuation in U.S. history on Tuesday, 

September 14, 1999. This mandatory evacuation order affected more than 700,000 
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people along the South Carolina's coast from Beaufort to Myrtle Beach. This evacuation 

resulted in an unprecedented fraffic jam on 1-26 westbound out of Charleston with the 

lanes full of bumper-to-bumper traffic, which put Florida and Georgia evacuees on 1-95 

(fravelling north parallel to the coast and crossing 1-26 approximately 50 miles inland). 

Less than 24 hours before Floyd would have stmck Charieston, the storm changed course 

for North Carolina. It made landfall in the eariy moming of September 16. Therefore, 

South Carolina experienced minimal damage, heavy rains, and minor erosion. 

Many people who experienced the South Carolina evacuation claimed that normal 

travel times increased by a factor of 10 or more, which raised evacuees anger, and 

fhistration levels and incited criticism about the execution of the emergency preparedness 

plan. Evacuees also blamed Govemor Hodges for not managing the evacuation and the 

National Weather Service for not predicting Floyd's frack more accurately. Despite the 

traffic jams and inconveniences, the roads were clear and everyone who had to leave the 

coastal area was evacuated before Hurricane Floyd made landfall. 

Three days later, concem from the general public and local politicians prompted 

on apology from the Govemor, who appointed a review committee to investigate the 

fraffic problems and provide a report and recommendations. Six weeks after Hurricane 

Floyd, phone interviews of coastal residents were conducted by trained staff of USC's 

Survey Research Lab at the Institute of Public Affairs under the direction of Dr. Susan 

Cutter and Dr. Kristin Dow of the Hazard Research Lab in the Department of Geography. 

Respondents were selected at random based on zip codes in the mandatory 

evacuation zone with 63.5%o participation rate resulting in 513 completed interviews and 
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23 partially completed ones. The population were mostiy educated (91% completed high 

school or higher), middle class (median income levels were $35,000 and higher), middle-

aged (median was 46 years), white (73%) and female (58%) and around 54% of them had 

never evacuated from a hurricane before. Most residents participated in the evacuation 

from their home (66%), but 59% of them left the area (5.2% remained in the coastal 

area), while a smaller fraction (1.7%) left briefiy but retumed home, largely due to traffic 

and other problems; 34% of them did not evacuate, hiterestingly, the majority of 

residents (61%) left Tuesday, September 14, 1999, and 31% left Wednesday, September 

15, 1999. A small percentage (5%) left Monday, September 13, 1999. The vast majority 

of them left between 9:00 am and noon (25.4%) or from noon to 3:00 pm (22.6%) and 

more than half the respondents (52%) said that it took 7 hours or more to reach their 

destinations. The factors that convinced them to evacuate were the severity of the storm 

(23%), past experience with hurricanes (17%o), and the Govemor's mandatory evacuation 

order (17%)). Among the coastal residents who did not evacuate and remained in their 

places of residence (34%), 18.2% of them felt their homes were located in a safe area or 

they felt safer at home (18.2%)). The other reasons for people not to evacuate were fraffic 

(10.6%), work responsibilities (12.4%), pets (3.5%), and quality of shelter (less than 1%). 

2.4 SuRgestions for Hurricane Preparedness and Response Strategies 

In this section, future strategies to improve hurricane preparedness and response 

will be discussed. Furthermore, major recommendations on hurricane preparedness and 
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response will be evaluated in order to lay the foundation for the analysis of applications 

and theoretical models in the remaining chapters. 

Representatives from hurricane forecasting organizations, weather media, 

emergency managers, political and corporate leaders, socio-economic weather impact 

analysts, and academia held interactive panel discussions on the issues involved in nation, 

regional, and local hurricane preparedness and response strategies on June 6-7, 2000. 

The Weather Charmel provided special sponsorship, and the Federal Emergency 

Management Agency (FEMA), the National Oceanic and Atmospheric Administration 

(NOAA), the American Red Cross, and numerous individuals and organizations 

contributed to the core activities of the Fomm. The development of the Fomm addressed 

the following central question: 

What policy changes are needed to produce weather services, media 

communications, and emergency management decisions that will optimize hurricane 

preparedness and response? 

The Fomm sought an answer to this question and developed seven principal 

findings: 

1. Hurricane preparedness and response rely primarily on weather prediction and 

evacuation. 

Since one of every five people is at risk of hurricane impact in the United States, 

the large increases in population and development in hurricane-prone areas will 

cause much greater losses in life and property. However, the nation's hurricane 
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policy places minimal reliance on land use strategies, stmctural engineering, and 

building codes. 

2. Present hurricane response strategies are increasingly strained. 

Growing population and economic development in coastal areas, slow 

improvement in forecasting hurricane track and intensity, many evacuation 

clearance times which exceed the lead-time of high confidence hurricane waming, 

and overloaded road and shelter infrastmcture with people at much lower risk all 

increase the strained reliance on weather prediction and evacuation. 

3. The strains are forcing new hurricane response strategies. 

Shelter-in-place or refuge-of-last-resort solutions reduce response times but carry 

high risk and less assurance of survival. 

4. There are major opportunities to improve hurricane response sfrategies. 

Major opportunities exist in technology and science, government services and 

legislation, engineering and building, land use and planning, emergency 

management, communications, and education, to enhance the nation's capacity to 

cope with hurricane prediction, preparedness, and response. 

5. There is poor understanding and application of uncertainties in hurricane 

forecasts, risk assessments, population responses, infrastmcture capacities, and 

media coverage. 

Uncertainties affect all aspects of hurricane frack and intensity predictions. 

Meteorologists can develop better measures of uncertainty (confidence) and these 

probability parameters should be used by emergency managers in making their 
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decisions for evacuation. The numbers of people receiving and reacting to 

response decisions, the number of individuals with special needs, and 

infrastmcture evacuation capabilities are other emergency management 

uncertainties. Media uncertainties, reporting accuracy, possible conflict between 

official and private forecasts, and the size of the audience for hurricane 

information will create public confusion and inappropriate response. 

6. Policy changes could improve hurricane response in the near term. 

Several policy changes that would significantly improve the nation's capability to 

protect against hurricanes have been discussed over the past decade but for a 

variety of reasons have not been implemented. 

7. Insufficient attention is given to hurricane preparedness and response. 

Government at all levels, as well as other institutions, is devoting inadequate 

attention, dialog, planning, and insufficient investinents to develop and implement 

response strategies. 

The Fomm set five general pohcy recommendations to reduce the nation's 

exposure to the threat: 

1. The fomm recommended that Congress should mandate a "National 

Assessment of Hurricane Preparedness and Response" and this assessment should 

involve all levels of government; the affected economic sectors; the academic, 

research, and education communities; the media; and the general pubhc in its 

deliberations. The assessment should evaluate the existing infrastmctiire and 
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service and propose mitigation policies and actions, including study of cost and 

risk tradeoffs with refuge-of-last-resort strategies. 

2. The Fomm recommended that the Federal Emergency Management Agency 

should lead the effort to strengthen the current collaboration among media, 

emergency management, and weather prediction communities. FEMA and its 

partner agencies should build Federal Response Plans to develop an integrated 

hurricane response system; this system must operate on a year-round basis. 

3. Future development of the hurricane preparedness, forecast, communications, 

and response system should address the uncertainties inherent in all of its 

components. Each community, depending on its own requirements, will use 

uncertainty information such as probability-based estimates of the threat 

developed by the meteorological community in a way that best meets it needs. 

4. The Fomm recommended that government agencies should implement 

policies to strengthen existing hurricane programs and response procedures. 

Specifically, the U.S. Weather Research Program should be used by agencies 

providing prediction services to accelerate research efforts on hurricane 

prediction. 

5. Congress should develop legislation to provide long-term continuous fimding 

for hurricane research, mitigation, and response. The legislation should address 

the following long-term needs: 
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• Improve the infrastmcture necessary to observe the atmosphere and 

ocean environment for the accuracy of the short- and long-term forecasts 

of hurricane track, intensity, and effects. 

• Develop cost-effective mitigation programs and promote them. 

• Support research to ensure appropriate human responses to hurricanes. 

• Support investments in hurricane programs. 

The Fomm made specific recommendations on forecast considerations, media 

issues, and response strategies. The set of recommendations for the Fomm addresses 

mitigation, effective emergency management, and education decisions in more detail. 

The Fomm strongly recommended that policies should focus on the concept of "phased 

evacuations," getting the people at highest risk out first, because evacuation is becoming 

more difficult due to population density, limited shelter resources, and roadway capacity. 

The policies should also focus on minimizing "shadow evacuations," in which a number 

of people evacuate even though they are not under direct threat, and should focus on 

decreasing the distance traveled by evacuees during an evacuation. 

More importantly, the present application of storm-surge models has to be 

reviewed because these models tend to overestimate the amount of area at risk from a 

specific event. Therefore, new approaches should be developed to identify the areas 

under threat more realistically according to specific situations such as storm track, size, 

and intensity. This would greatly assist in developing a coherent and clear strategy 

because high detail risk-zone maps will be used in preparedness activities during the 

emergency. 
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The Fomm recommended that communities should include plans for "refuge-of-

last-resort" facilities as a response strategy because hurricanes can develop quickly and 

change direction and intensity so that full evacuation plans cannot be implemented in 

time, hi such a case, the use of shelter can be the only option for at-risk population so 

that Forum suggested that new public facilities could be designed and buift to serve as 

refuges-of-last-resort. Hurricane response strategies and evacuation decisions will be 

made on the basis of Hurricane Watch and Waming messages, but they do not inform the 

general public with an explicit measure of confidence. However, response strategies 

should explicitly address the needs and requirements of the transient populations (e.g., 

tourists), people speaking different languages, the hearing impaired, and people in 

nursing homes, mental health institutions, and hospitals. The Fomm noted that 

emergency response operations have a regional impact on neighboring states, which was 

the experience during Hurricane Floyd in 1999. So, emergency management plans and 

sfrategies must include a wide range of coordination between government officials. 

This Fomm was only a step in a major long-term campaign that will develop 

national, state, and local policies, programs, and actions to cope with hurricane threats. 

However, the Forum's findings and recommendations are major contributions of this 

dissertation. Especially, theories are developed in order to implement "phased 

evacuation" as the Forum suggested. In Chapter HI, a new storm-surge model is 

developed to reduce overestimation of area at risk from different hurricane scenarios and 

therefore clearance time. This theoretical model provides methodology to identify the 

areas under threats more realistically according to specific situations such as storm 
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intensity. This model will assist emergency managers in order to develop a coherent and 

clear strategy of estimating evacuation participation rate for each census block. Thus, 

"phased evacuation" can be implemented to reduce shadow evacuation. Furthermore, as 

the Fomm strongly recommended, a detailed transportation model is developed in section 

3.5 to estimate the number of vehicles, ambulances, and specially equipped vehicles in 

order to evacuate hospitals, prisons, schools, and mental institutions. In Chapter V, a 

mathematical model for evacuation decision-making is developed to estimate departure 

time interval for an evacuee under imprecise traffic durations in order to implement 

"phased evacuation." 

2.5 Concluding Remarks 

The purpose of this chapter is to describe hurricane evacuation problem, analyze 

people's response to the hurricane threat, and discuss opportunities to improve hurricane 

preparedness and response sfrategies to lead this dissertation to develop theoretical 

models in the remaining chapters. 
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CHAPTER m 

FUZZY SET THEORY AND APPLICATION TO 

A HURRICANE EVACUATION MODELING 

3.1 Introduction 

Evacuation is a traffic management strategy. Every evacuation plan must contain 

estimates and assumptions about how people respond to hurricane evacuation when it is 

implemented. The success of the evacuation depends on evacuees' behavior and general 

operational problems. Effective prior plarming of evacuations thus not only reduces 

clearance time but also results in less congested evacuation routes. It is very important to 

maintain smooth flow of traffic to quickly evacuate people from affected areas. 

As discussed in the previous chapter, behavioral assumptions for coastal areas are 

developed by statistical analysis of data gathered from telephone interviews and/or 

surveys. The results of these studies estimate behavioral characteristics for a specific 

location. It is tempting to over-generalize actual response behavior from a single 

evacuation. However, people will respond differently in different sets of circumstances 

and at different points in time. Therefore, the percentage of residents in a region who 

will evacuate during hurricane threats will depend upon several factors. The most 

important factor is whether people believe their safety would be at risk if they stayed in 

their homes during a hurricane threat. The main objective of this chapter is to 

approximate willingness to evacuate and to use shelter for households based on a given 

set of behavioral analysis under different evacuation scenarios. 
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3.2 hitroduction to Fuzzv Sets Theorv 

Fuzzy logic has been widely used by scientists, mathematicians and engineers, 

among others, as a means of designing decision and control systems where "mles of 

thumb" are easier to conceptualize and implement than precisely delineated decision

making criteria. This practice may result from the inherent complexity of the decision 

problem at hand, which makes analytical modeling difficuft. In this vein, a highly 

complex system gives rise to considerable (non-stochastic) uncertainty, since the 

complexity itself makes it too difficult or costly to specify exact relationships among 

critical variables. Confronted with the necessity of making a decision, decision-makers 

in these circumstances may opt to simplify the process into a series of mles of thumb. 

In some circumstances, precisely defined decision mles can be unsatisfactory in 

their own right as they result in rigid decision-making processes that do not conform to 

human decision-making processes. For example, a physician may deem it appropriate to 

prescribe a medication to a patient suffering from a certain condition if the patient is old 

and suffering from a high fever. What constitutes old! What constitutes high! That is, 

suppose the decision mle declared that a person of 65 years or older is old, and that a 

measured body temperature of at least 102 degrees Fahrenheit is high. Does that then 

mean that someone 64 years and 10 months of age whose body temperature is 102 

degrees would not be a candidate for the medication, while someone 2 months older 

would be? How about someone who is 72 years of age, who has a body temperature of 

100 degrees? Why would one necessarily suppose that a temperature of 101.9 degrees is 
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not high, but a temperature of 102 is high? hi cases such as this, thinking is less 

restrictive terms may be more appropriate. 

Fuzzy set theory provides a means to address these decision-making problems. 

One might think that persons aged 60 are starting to be old, while persons 80 years of age 

are definitely old. A temperature of 99 degrees is elevated, and a temperature of 104 

degrees is definitely high by any standard. 

3.2.1 A BriefDescription of Fuzzv Logic 

Many mathematics-based disciplines deal with the description of uncertainties 

such as probability theory, information theory, and fuzzy set theory. These theories can 

be classified by the type of uncertainty they treat. 

In particular, stochastic uncertainty deals with the uncertainty toward occurrence 

of a certain event such as whether the event occurs or not. This uncertainty is quantified 

by the degree of probability. For instance, the probability of hitting a target is 0.8 

(Statement 1). On the other hand, lexical uncertainty deals with the uncertainty of the 

definition of the event. This type of uncertainty deals with the linguistic imprecision that 

humans use to evaluate concepts and derive conclusions such as tall man, hot days, or 

stable currencies, where no exact definitions exist. However, humans use words as 

subjective categories to classify figures such as height, temperature, and inflation and to 

evaluate —at least implicitly— to which degree these categories satisfy the criteria. 

Humans often use these imprecisely defined concepts for quite complex 

evaluations and decisions. For example, the statement we will probably have a successful 
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financial year (Statement 2) can be interpreted in many ways depending on the sitiiation. 

Unlike Statement 1, Statement 2 is not cleariy defined. The concept of a "successful 

finandal year" is a subjective category, e.g., deferred bankmptcy could be a successftil 

financial year for some companies. Furthermore, while the probability is expressed in a 

mathematical sense in Statement 1, the expression of probabihty in Statement 2 is a 

perceived probability rather than a mathematically defined probability. 

Statements using subjective categories play a major role in human decision

making processes such as Statement 2. Even though these statements do not have 

quantitative contents, the theory of fuzzy logic provides appropriate descriptions for these 

types of uncertainties. Fuzzy logic has been developed as such to model human decision 

and evaluation processes in algorithmic form. Unlike fantasy and creativity, fuzzy logic 

can derive a solution for a given case out of mles that have been defined for similar cases. 

Fuzzy logic is a trae extension of conventional Boolean logic —multivalued or continuous 

logic— that allows for intermediate values between the Boolean values tme and false. 

Therefore, fuzzy logic enables characterizations of statements by degrees or grades of 

tmth. The certain degree to which a variable matches the linguistic concept of the term 

of a linguistic variable is called degree of membership. The degree of membership can be 

represented by a continuous function that is called a membership function. The use of 

fuzzy sets defined by membership functions in logical expression is called "fuzzy logic." 
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3.2.2 History of Fuzzv Logic 

The science and engineering of fuzzy systems opened a new door in science and 

had applications in fields that range from smart cars to financial analysis to the 

information stmcture of the physical universe. This paradigm shift taking place at the 

computational frontier of statistics helps us model the world without guessing at ever

more complex equations. Unlike randomness, which describes the uncertainty of event 

occurrence, fuzziness describes event ambiguity and measures the degree to which an 

event occurs, not whether it occurs. 

Logician Betrend Russell observed that "everything is vague to a degree you do 

not realize till you have tried to make it precise" and opened the door to vague or fuzzy 

logic. The Polish logician Jan Lukasiewicz first worked out fuzzy, or multi-valued, logic 

in the 1920s by extending binary logic. In binary logic, all statements were either tme or 

false and tmth percentages were constrained to 100%. The implication was that "leaves 

are yellow" is 90% tme and "leaves are not yellow" is 90% trae and vise versa. The next 

advance work was done by quantum philosopher Max Black. He pubhshed an article, 

"Philosophy of Science" in 1937. Black first indicated fuzzy sets in this paper. Lofti 

Zadeh published the landmark journal paper "Fuzzy Sets" in 1965, and then fiizzy logic 

crossed over into engineering. Black was the chairman of the departinent of electiical 

engineering at the University of Califomia at Berkley when he made "fuzzy" a new 

adjective in science and math. 

Since then, many recent key technologies have been invented in the U.S., 

engineered to perfection in Europe, and now mass-marketed in Japan. Since then. 



hundreds of successful fuzzy logic applications have proved the value of this technology, 

even though some scientists condemn the concept. However, in June 1995, the Institute 

for Electrical and Electronics Engineers (IEEE) honored Zadeh with its Medal of Honor 

for his work in fuzzy sets. This highest award in the IEEE, the closest award that the 

information sciences have to a Nobel Prize, made fuzzy logic mainstream (Kosko, 1999). 

3.2.3 First Industrial Applications in Europe 

Fuzzy engineer Ebrahim Mamdani at Queen Mary College in London, England, 

first applied today's fuzzy rule-based systems. He used fuzzy logic to control a steam 

generator that he could not control using conventional techniques. Mamdani's work 

shifted the field from philosophy and linguistics to business and engineering in 1970s. 

Hans Zimmermann at the RWTH University of Aachen, Germany, used fuzzy logic for 

decision support systems, and the Japanese firm of F.L. Smidt & Company in 

Copenhagen first used a fuzzy system of rales to control a cement kihi. 

However, fuzzy logic did not get broad acceptance in industry because a few 

applications that used fiizzy logic hid the use by circumscribing fiizzy logic with terms 

such as "multivalued logic" or "continuous logic." Starting around 1980, more advanced 

fuzzy logic technologies were developed, and fiizzy logic gained more momentum in 

decision support and data analysis applications in Europe. These application and 

research projects triggered most developments on how well fiizzy logic models the 

human decision and evaluation processes. 
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3.2.4 Japan Takes the Lead 

hispired by the first European fuzzy logic applications, Japanese companies 

started to use fuzzy logic in control engineering after 1980. They worked mostly on 

fuzzy logic hardware because of poor computational performance on first fiizzy logic 

algorithms. Fuji Electric applied fuzzy logic on a water treatment plant m 1983, while 

Hitachi had designed and tested their fuzzy system on the subway system in the city of 

Sendai, north of Tokyo, in 1988. The Sendai fuzzy subway system replaced human 

drivers and it used less fuel and stopped more smoothly than did the best humans. Japan's 

Ministiy of hitemational Trade and hidustry (MITI) soon embraced fuzzy logic in spirit 

and business and joined with over 40 firms in March 1989. These firms established the 

Laboratory for Intemational Fuzzy Engineering Research (LIFE) in Yokohoma. 

Many successful applications led by fuzzy logic took off in Japan. Since fuzzy 

logic supports the generation of a fast prototype and incremental optimization, Japanese 

engineers start with a simple solution because the "intelligence" of a system is not buried 

in differential equations or source code. Fuzzy logic delivered to them a more 

transparent means of system design, so everybody could be able to understand the 

underlying behavior of the system. Culturally, Japanese engineers are not preoccupied 

with Boolean logic, nor does the Japanese language bear a negative connotation of the 

word "fuzzy", as English does. 

After this breakthrough, fiizzy logic was used in any applicational area for 

intelligent control or data processing such as smart ovens, car systems, robot graspers, 

and television tuners. Mitsubishi produced the first car in which every control system is 
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based on fiizzy logic. Omron Corp. claimed more than 350 patents based on fiizzy logic, 

and fuzzy logic control is now used to optimize many chemical and biological processes. 

3.2.5 Europe Chases Japan 

Major European corporations started to put a major effort in promoting fuzzy 

logic in the early 1990s. Then they produced more than 200 successftil fiizzy logic mass-

market products in Europe. In addition, fuzzy logic was successfully used in numerous 

industiial automation and process control applications. Fuzzy logic enhanced products 

such as home appliances and is used in many automotive applications because of the 

potential savings in energy and water consumption with no added product costs. Due to 

the big commercial success of these applications, fuzzy logic is recognized as a 

"standard" design technique and has gained broad acceptance in the engineering 

community. 

3.2.6 Fuzzy Logic in the U.S. 

Recently, U.S. companies, in heavy competition with Asian and European 

markets joined the uphill battle to apply fuzzy logic. However, they believed that there 

are many factors that count for the U.S. to win this uphill battle. First, U.S. 

manufacturers do not compete with Japanese companies in the entertainment elecfronics 

market because the use of ftizzy logic in camcorders, cameras, and high fidelity 

equipment is more a competitive factor among Japanese corporations themselves. 

Second, most applications in Europe are in industrial automation to decrease the very 
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high cost of labor in Europe. However, the U.S. faces tough competition from both 

Europe and Japan in automotive engineering that may force U.S. manufacturers to use 

fuzzy logic design techniques soon. 

Since fuzzy logic proved to be an excellent tool to build decision support systems, 

memory cache and hard disk controllers, and telecom applications, U.S. manufacturers 

have the same market segments open for them. Hence, U.S. manufacturers benefited 

from fuzzy logic technologies in communication equipment, office automation, and 

computer software. 

3.2.7 What Fuzzy Sets are About 

The theory of fuzzy sets may be viewed as an attempt at developing a body of 

concepts and techniques for dealing with the representation of classes whose boundaries 

are not quite determined. The classes of young man, small cars, and narrow sfreets are 

very common examples. Membership in such classes is a matter of degree rather than an 

all—or—nothing proposition. The concept of fiizzy set uses a characteristic function, 

which takes values usually in the interval [0,1]. It refers that some elements are 

considered as "marginal" or "less" acceptable given a degree of membership {\x) that is 

intermediary between 0 (non-membership) and 1 (full-membership). Fuzzy sets can be 

viewed as expressing an uncertainty about the clear-cut definition of the label. Fuzzy set 

membership functions specify a preference among the possible interpretation of the 

corresponding label by providing a gradual and smooth transition from one category into 

another. Thus, it avoids abrupt discontinuities that would be caused by the assignment of 
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precise boundaries for the considered subsets and the gap between the perceived 

continuity and human discrete cognitive representation. The membership function 

assesses the degree to which the value of the technical figure satisfies the linguistic 

concept. 

Figure 3.1 illustrates the definition of the term "medium," with regard to income. 

Three values define the A,-type membership function: the typical value for "medium" 

defines the point |i = 1, the typical values for "low" and "high" define the points p, = 0. 

The typical value for "medium " is 37,500 

\x Medium 

1.0 [Very Low Low k / High Very High 

0.0 

00 65,000 80,000 95,000 iucomc levels 

The typical values for the nearest neighbors 
"low " and "high " are 17,500 and 65,000 

Figure 3.1 Definition of Standard Membership Function 

The satisfaction degree is expressed by a function called membership function 

(MBF) for a continuous variable. Scientific publications have suggested many different 

types of membership functions for fuzzy logic. However, "Standard Membership 
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Functions" are only linear of spline shape for practical implementations. Four different 

types of MBFs exist: Z-type, A,-type, u-type, and S-type. Standard MBFs are also 

normalized between the max value 1 and minimum value 0. Figure 3.2. shows these four 

types of Standard MBFs. 

Z - Type S Type 

71 - Type X - Type 

Figure 3.2 Standard Membership Functions 

Standard MBFs are the simplest functions and are accurate enough to represent 

most decision systems. They always remain easy to interpret and their implementation is 

computationally very efficient on most hardware platforms. A majority of practical fiizzy 

logic applications used linear standard MBFs over S-type MBFs in the past. According 

to psycho-linguistic research on the human classification of continuous variables, spline 

standard MBFs provide more accurate models of human linguistic concepts for more 

complex data analysis and decision support applications. However, most concepts in 

human language consider at least two extremes and the middle in between them. This is 
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due to the fact that most linguistic variables are defined symmetrically. Therefore, most 

fuzzy logic systems use 3, 5 or 7 terms. On the other side, more than 7 terms are rarely 

used because humans interpret technical figures using their short-term memory that only 

computes up to 7 symbols at a time. 

3.2.8 Fuzzification 

Fuzzy relations are basic tools for modeling fuzzy systems that are too 

complicated or ill known, so that only vague descriptions thereof make sense or are 

accessible. A fuzzy system is an input-output model where the relationship between 

input and output is one-to-many and also some outputs are more plausible than others for 

a given input. A fuzzy logic system can be considered as a nonlinear mapping of an input 

data vector into an output with the basic elements of fuzzy logic systems such as mles, 

fiizzifier, the inference engine, and the defuzzifier (Figure 3.3). As with linear systems, 

fuzzy systems take advantage of an algebraic framework similar to linear algebra. 

Inference systems process each fuzzy expert rale and relevant facts separately, and 

combine or propagate the (partial) conclusions that are thus produced. Different rales 

provide partial conclusions that pertain to the same variable. Therefore, they have to be 

combined into a global conclusion. Since this combination step raises difficult problems 

in any framework for representing uncertainty, it is then necessary to process several 

rales together in order to take into account dependencies and the imprecision of the input 

facts. Most fuzzy-based systems use production rales that consist of a condition (IF-part) 

and a conclusion (THEN-part) to represent relation among the linguistic variables and to 
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derive actions from inputs. Hence, "if....then" rales in an expert system will express 

various kinds of knowledge and weights associated with these mles corresponding to 

different notions, hiference mechanisms implemented in fiizzy expert systems generally 

go beyond the interpolation technique used in fuzzy controllers because the relationship 

between conditional parts and conclusion parts are not referring to an underlying 

continuous universe, as in process control. 

Inputs 

^ Fuzzifier 

Rules 

^ 
w 

^ r 
Inference 

Defuzzifier 
i k 

Outputs 

• 

Figure 3.3 Fuzzy Logic System 

3.2.9 Defiizzification 

The result produced from the evaluation of fiizzy rales could be linguistically 

expressed. The objective of a defiizzification method is to derive a non-fiizzy (crisp) 

value for the linguistic output variable. There are different methods for defiizzification, 

and they can be performed using several methods. 

The Center of Maximum (CoM) computes crisp output as a weighted mean of the 

term. The Center of Area (CoA), sometimes called Center of Gravity, defuzzification 

method is the most frequently used method in fuzzy systems. This method first cuts 
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membership functions according to the degree of vahdity of the respective term and then 

the areas under the resulting functions of all terms are superimposed. Therefore, a 

compromising value can be evaluated by balancing the resulting area. The Mean of 

Maximum (MoM) defiizzification method is used for pattem recognition applications and 

computes a system output only for the term with the highest resulting degree of vahdity. 

If the maximum is not unique, like 7t-type membership functions, the meaning of the 

maximizing interval has to be computed because variants are possible. To select the 

proper defuzzification method, the linguistic meaning that underlies the defiizzification 

should be understood. Experience shows two different practically important linguistic 

meanings of defuzzification; "best compromise solution" and "most plausible solution." 

The CoM and CoA defuzzification methods are continuous and result in "best 

compromise solution." On the other hand, the MoM method is discontinuous and results 

in the "most plausible solution." The choice of defuzzification method depends on the 

context of the decision. In decision support systems, CoM is used for qualitative 

decisions. The defuzzification is the last computation step of a ftizzy logic system. 

3.3 Willingness to Evacuate 

3.3.1 Methodology 

A fuzzy set is essentially a generalization of a crisp set that has clearly defined 

boundaries. These boundaries divide the elements into two groups; elements which are 

numbers and the ones which are not. These so-called membership functions can be 

represented in more detail with the degree of membership. Let the fuzzy set A be defined 
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as the set of ordered pairs A == {x, ma(x)}. Then ma(x) is the grade of membership of 

element x in set A and can take any value from the closed interval [0,1]. Since complete 

membership is represented by ma - 1.0 and complete nonmembership as ma = 0.0, the 

greater ma(x), the greater the tmth of the statement that element x belongs to set A. 

Fuzzy set and membership functions approximate some kind of intuition of the linguistic 

notion and provide an indication or tendency of corresponding linguistic terms. Thus, 

grades or degrees of memberships are discussed here rather than probabilities of 

membership represented by conventional probability theory. 

Let X and Y be two fiizzy sets with degree of membership mx and my. Then the 

standard fuzzy AND-operator is defined as minimum of mx and my. Also, degree of 

tiiith of '(xeX) AND (yeY)' can be computed as min{mx(x), my(y)}. Hence, the 

difference from conventional probability theory is that here the minimum grade of 

membership is used instead of multiplication of probabilities. The standard fuzzy OR-

operator is defined as maximum of mx and my. Also, degree of tmth of '{XEX) OR 

(yeY)' can be computed as max{mx(x), my(y)}. 

3.3.2 Application 

People make many decisions and take actions in an environment that is uncertain 

because they live in a complex world. Imprecise and incomplete information to which 

people usually have access make decisions even more difficult. So, how do we cope with 

this complexity? 
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Klir and Folger (1988) claim that the "answer seems to he in the notion of 

simplifying complexity by making a satisfactory frade-off or compromise between the 

information available to us and the amount of uncertainty we allow" (page 2). They 

further argue that we can form a vague but more robust system if we increase the amount 

of aUowable uncertainty by sacrificing some of the precise information. 

For instance, we consider traffic conditions as light, heavy, bumper to bumper, 

etc., instead of considering the level of congestion along a main artery in terms of the 

exact length of queues, delays, etc. in making a trip choice decision. This linguistic 

information is often encountered that is hard to quantify using classical mathematical 

techniques. However, linguistic information represents subjective knowledge that we 

simply cannot and should not ignore because ftizzy logic is an extremely suitable concept 

with which to combine subjective knowledge and objective knowledge. 

Going back to previous examples, we will certainly not be able to quickly process 

the information that "the car is going 31.5 mph and is 22.7 meters away from our car" or 

a traffic density of 50 vehs/lane/mi. Since most drivers did not attend a course on "Traffic 

Flow Theory", they would not make calculations in order to reach a decision about using 

a certain route. Instead, they understand quite well when told not to use a certain route 

since it is congested or traffic conditions are light, heavy, or bumper to bumper. 

These simple examples show that we tend to accept linguistic information much 

more easily than numerical information in certain situations and make decisions based on 

it. People would also have to make a lot of decisions and take actions during an 

evacuation due to hurricane. However, under circumstances involving evacuations of 
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multiple regions, people usually have access only to imprecise and incomplete 

information. 

For instance, people consider the category of a hurricane instead of considering 

the level of barometric central pressure, storm surge and wind speed of the hurricane. 

Even though wind speed is the determining factor in the Saffir-Simpson Hurricane Scale, 

people's perceptions about a hurricane's present intensity depends on Imguistic 

infomiation such as Category 1, 2, 3, 4, or 5 because the linguistic information is used to 

give an estimate of the potential property damage and flooding expected along the coast 

from a hurricane landfall. Therefore, people would not have to determine their 

perceptions about the difference between 110 mph (Category 2) and 111 mph (Category 

3). Do one or two additional miles per hour make a big difference? Certainly not, so why 

should people change their perceptions from moderate (Category 2) to extensive 

(Category 3)? However, emergency officers closely watch hurricanes to analyze the 

characteristics in order to make decisions about implementation of evacuation. This 

representation of vagueness in human perceptions can be easily modeled using the theory 

of fiizzy sets because the unique features of Fuzzy Set Theory (FST) make it promising to 

model people's perceptions. 

Therefore, fiizzy logic could be ideal for modeling human decisions making in an 

intuitive manner because of its ability, in a human-like way, to generate precise solutions 

from uncertain environments without using mathematical models. The theory describes 

or approximates individual behavior by certain decision mles and assumes that agents 

find solutions to optimize problems without analytically solving these problems in a 
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complicated environment. This assumption may seem reasonable because agents strive 

for easy solutions rather than describing complex situations analytically. 

In a fuzzy logic system, the individual rales represent local behavior and each 

fiizzy logic rale describes the reaction to a certain situations. Such a situation could be 

"large willingness to evacuate," etc. Residents assess potential property damage and 

flooding expected from a hurricane landfall according to a color-coded map provided by 

Emergency Management. The following map (Figure 3.4) shows the areas at risk from 

winds and storm surge associated with hurricanes for Nueces County, Texas. There are 

five of these risk areas and each of them is shown in a different color. Some risk areas 

are further divided in sectors, which are indicated by a lower case letter in the map. 

These risk areas corresponds to one of the five categories of hurricanes on the 

Saffir/Simpson Scale. The sfronger the storm, the greater the inland impact will be. For 

instance, in the event of Category 4 hurricane, risk areas 1, 2, 3, and 4 would be 

threatened (Figure 3.4). 
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Estimated Evacuation Time in Hours by Risk Area 
HurricaneCategory 
Windspeed (mph) 
Risk Area Nla 

Nib 
N2 
N3 
N4 
N5 

I 
74-95 

2 
2 

2 
96-110 

4 
2 
4 

3 
111-130 

25 
25 
25 
25 

4 
131-155 

28 
28 
28 
28 
28 

5 
>155 
29 
29 
29 
29 
29 
29 

Figure 3.4 Risk Areas for Corpus Christi, Texas. 

Here, two initial deterministic factors that are available for people to make 

decisions about evacuations are assumed: risk area and category of hurricane. We can 

construct membership functions for both the category of hurricane and risk areas by using 

linguistic determination. The categories of hurricanes are classified according to Saffir-

Simpson Scale indicating expected damage for different wind speeds. Risk areas are 

divided into five areas corresponding to distance from the shoreline. Since each category 
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of hun-icane and risk area is classified by five different categories, a total of twenfy-five 

distinct combinations are possible. 

Categories of hurticane and risk areas determine the decision to evacuate. 

Therefore, they can be characterized by subjective categories such as 1, 2, 3, 4, and 5. A 

fuzzy set represented by membership functions refiects the extent to which a certain real 

number is associated with each of these 10 subjective categories. Hence, the shape of the 

membership functions must be carefully chosen. As explained before (Figure 3.2), many 

different shapes of membership fimctions are proposed in scientific literatiire. For 

categories of hurricanes (Figure 3.5) and risk areas (Figure 3.6), a Ti-Type of standard 

membership function is assigned because it is easy to interpret and sufficient to design 

fiizzy logic system. 

Membership functions; 

1.0 

0.0 

90 95 100 105 110 115 125 130 135 150 155 160 windspeed 

Figure 3.5 Membership Function for Hurricane Categories 
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1.0 zone4 zone5 

0.0 

.75 1 1.25 1.75 2 2.25 6 7 8 11 12 13 distance from 
the shore(mile) 

Figure'3.6 Membership Function for Risk Areas 

The willingness to evacuate (WTE) can be described by subjective categories 

according to WTE {zero, small, average, large, very large}. Given these five terms, 

willingness to evacuate can be represented by a simple "if-then" decision rale for every 

combination of category of hurricane and risk area. For instance, IF category of 

hurricane is 2 AND risk area is 2, THEN willingness to evacuate is average. Linguistic 

terms for the willingness to evacuate were associated with certain degrees of 

membership. The final step translates these terms into a real number by attaching 0.0, 

0.25, 0.50, 0.75, and 1.0 to the linguistic terms 'zero', 'small', 'average', 'large', and 

'very large'. In order to derive the final outcome, these numbers are weighted with the 

associated degree of membership in order to make so-called "defuzzification procedures" 

simple. 
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Table 3.1 WTE 

RULE 

1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 

HURRICANE 

Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 

RISK AREAS 

Zone 1 
Zone 2 
Zone 3 
Zone 4 
Zone 5 
Zone 1 
Zone 2 
Zone 3 
Zone 4 
Zone 5 
Zone 1 
Zone 2 
Zone 3 
Zone 4 
Zone 5 
Zone 1 
Zone 2 
Zone 3 
Zone 4 
Zone 5 
Zone 1 
Zone 2 
Zone 3 
Zone 4 
Zone 5 

WTE 

Average 
Small 
Zero 
Zero 
Zero 
Large 
Average 
Small 
Zero 
Zero 
Very Large 
Large 
Average 
Small 
Zero 
Very Large 
Very Large 
Large 
Average 
Small 
Very Large 
Very Large 
Very Large 
Large 
Average 

Table 3.1 shows the evacuation rales that are postulated. The table indicates all 

potential combinations of category of hurricane and risk area and willingness to evacuate 

for each situation defined. We first define rales 6,11, 16, 21 because under any category 

of hurricane, WTE will be very large for smaller risk areas. By the same token, the 

greater the category of hurricane is, the greater the WTE for smaller risk areas. 
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The central objective behind the construction of Table 3.1 is to summarize some kind of 

evacuation behavior. For instance, under threat of a Category 5 hurricane, we can expect 

WTE to be very large for risk areas 1, 2, and 3. Under the threat of a Category 1 

hurricane, we can expect WTE to be very small and zero for risk areas 2, 3, 4, and 5. 

According to Baker (1991), evacuation rate in low-risk areas has a different sort of pohcy 

dilemma. Between 20 and 40 percent of the residents in low-risk areas often evacuate. 

This phenomenon, referred to as evacuation "shadow," contributes extra load to traffic 

congestion and increases evacuation time for high-risk and moderate-risk areas. From a 

policy standpoint, evacuation shadow is thus taken into account when the category of 

hurricane is less than the risk area. Therefore, we model WTE according to category of 

hurricane and risk areas as follows: 

IF Category - Zone > 1, THEN WTE is Very Large 

IF Category - Zone = 1, THEN WTE is Large 

IF Category - Zone = 0, THEN WTE is Average 

IF Category - Zone = -1, THEN WTE is SmaU 

IF Category - Zone < -1, THEN WTE is Zero. 

3.3.3 Fuzzification Using Linguistic Variables 

First, linguistic variables (risk areas and categories of hurricanes) have to be 

defined for all variables used in if-then rales. Every linguistic variable also has to be 

defined by its membership function, including degree of membership. Consider a 
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situation in which the household is between risk area 2 and 3. Also, there is a Category 2 

hurricane expected to make a landfall, but it could be increasing to Category 3. 

According to membership functions (Figures 3.4 and 3.5), distance from the shore 

for that household is translated into the linguistic variable value of {0.0, 0.1, 0.9, 0.0, 

0.0}, which can be interpreted as "zone three, just slightly zone 2". The wind speed of 

the hurricane is translated into a linguistic variable value of {0.0, 0.8, 0.2, 0.0, 0.0}, 

which can be interpreted as "mostiy category 2, just slightly category 3". 

3.3.4 Fuzzy Inference Using If-Then Rules 

Now that all input variables have been converted to linguistic variable values, we 

can identify the rales that apply to the current situation. This situation cannot be 

characterized by more than four linguistic terms. The active rales are: 

Rule 7 IF category = 2 AND zone = 2 THEN WTE = Average 

Rule 8 IF category = 2 AND zone = 3 THEN WTE = Small 

Rule 12 IF category = 3 AND zone = 2 THEN WTE = Large 

Rule 13 W category = 3 AND zone = 3 THEN WTE = Average 

Using the min operator to represent the logical AND and using values from 

membership functions, the IF parts of rales can be computed as follows; 

Rule 7 min {0.8,0.1} =0.1 Average (cat = 2 AND zone = 2) 

Rules min {0.8, 0.9} = 0.8 Smah (cat = 2 AND zone = 3) 

Rule 12 min {0.2, 0.1} =0.1 Large (cat = 3 AND zone = 2) 

Rule 13 min {0.2, 0.9} = 0.2 Average (cat = 3 AND zone = 3) 
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The results are the degrees of trath of the IF parts and indicate the relationship to 

the current situation, hi addition, each rale defines an action to be taken in the THEN 

part. Therefore, for rale 7, the resuh that WTE is average is of degree 0.1, rale 8 imphes 

that WTE is smah to the degi-ee 0.8, rale 12 imphes that WTE is large to the degree 0.1, 

and rale 13 resuhs that WTE is average to the degree 0.2. 

Since both rales 7 and 13 result in the same WTE, but with a different degree of 

trath, both carmot be trae simultaneously. In a fuzzy logic rale base, either rale 7 is trae 

OR mle 13 is trae. Hence, by using the fuzzy OR operator the degree of trath of 

"average" therefore becomes the maximum value of 0.1 and 0.2. This implies that WTE 

can be characterized by "zero" with degree 0.0, "small" with degree 0.8, "average" with 

degree 0.2, "large" with degree 0.1, and "very large" with degree 0.0. 

3.3.5 Defuzzification Using Linguistic Variables 

Finally, these degrees of memberships are then translated into numbers on the real 

line. The results of fiizzy logic inference are the value of a linguistic variable. The terms 

of WTEs are: {small, average, large} and possible inference result is: {0.0, 0.8, 0.2, 0.1, 

0.0}, linguistically expressed as "pretty much small, just slightly average and large". The 

conversion of such linguistic resuhs to the real value is called defuzzification. The 

objective of a defiizzification method is to derive the non-fuzzy (crisp) value that best 

represents the linguistic result. Since there exist different methods for defuzzification, to 

select the proper defuzzification method, we need to understand the meaning of the fiizzy 

value of the linguistic output variable. 
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Therefore, these degrees of membership are used as weights to the real values 0.0, 

0.25, 0.50, 0.75, and 1.0 to capture the best compromise of the fuzzy logic inference 

resuh. hi addition to this, for the final outcome to he in the interval [0,1], the sum of the 

weights must equal 1.0. Thus, the weights are divided by their sum. 

WTE = 0.8 * 0.25 + 0.2 * 0.50 + 0.1 * 0.75 = 0.34 
0.8 + 0.2 + 0.1 

This value represents the evacuation environment. The higher this number is in 

the interval of [0, 1], the more likely that an individual is to evacuate. 

3.3.6 Concluding Remarks 

In this part, I provided fuzzy set theory to review present storm surge models 

because they tend to overestimate the amount of area at risk from a specific event. I 

believe this new approach can identify the areas under threats more realistically 

according to specific situations such as storm intensity. This model will greatly assist in 

developing a coherent and clear strategy of estimating willingness to evacuate for each 

household or zone. There are more sophisticated fuzzification and defuzzification 

applications for fuzzy logic models. However, my purpose is to keep the model simple to 

explain the logical approach behind the model. The success of this model depends on 

capturing the characteristics of the area, membership functions assignment and especially 

heuristic or expert opinion approach on creating fuzzy rales. If rales can be created by 

the support of surveys for that specific coastal area, this model can create high detail risk-

zone maps, which should be used in preparedness activities during the emergency. 
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3.4 Willingness to Use Public Shelter 

3.4.1 Introduction 

The availability and location of shelters in a region threatened by hurricane 

determine the evacuation clearance time. Although the cost of shehers is non-trivial, 

reductions in the number of evacuees can provide significant economic benefits in terms 

of direct and indirect costs of evacuation. Moreover, security provided by the shelter 

eliminates the out-of-pocket costs associated with travel as well as the personal risks 

associated with travel on congested evacuation routes. 

Public shelter use traditionally represented relatively small shares of evacuees 

because most people stay with relatives or friends inland or find accommodations in 

inland hotels/motels. Intended use of shelters by evacuees depends on many factors. 

Researchers conducted many sample surveys about shelter impact on evacuation. They 

found some significant factors affecting the intended use of shelter such as pet ownership, 

income, and race. Additional studies were conducted to develop both planning and an 

operational computer based tool to determine the impact of shelters on evacuation times. 

For instance. Baker (1990) indicated that 25% of households reporting annual incomes 

below $10,000 used public shelters, while other income groups indicated less than 8%) 

usage of public shehers in Hugo. He also found that non-whites were more likely to use 

pubhc shelters than whites (31%) vs. 5%,). 

The purpose of this chapter is to examine households' wilhngness to go to pubhc 

shelter. Although surveys refeiTed to several variables associated with the intention to 
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use public shelter, we add households' income levels as significant predictors of shelter 

demand. 

3.4.2 Application 

Use of public shehers depends on availability, location, and actions taken by 

officials to encourage shelter use. Likewise, public shelter use can be a good option for 

visitors, tourists, and people who lack other options. In general, evacuees living m higher 

risk areas tend to use public shelters more than those from inland areas do. Shehering is 

often an altemative to long-distance evacuations. For small-scale or short-distance 

evacuation, shehering may not be highly demanded. However, uncertainty still remains 

about shelter demand. Assume now that evacuees have shelter options during the 

evacuation. 

In section 3.3, Table 3.1 illustrated the active rales for each category of hurricane 

and risk area under the condition that there is no in-residence and public shelter available 

to affect individual evacuation decision-making. We now assume that decision making 

about households' willingness to evacuate does not change under the same categories of 

hurricanes and risk areas. However, households with different income levels will either 

evacuate or take a shelter under the same circumstances. Income levels will separate the 

decision-making process towards willingness to take a shelter. Households' willingness 

to evacuate will be the same under the defined membership functions as in Table 3.1. 

Households will decide to go to a shelter according to their income. The greater is the 

income, the smaller is the WTS. This assumption makes sense because, according to past 
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experience, high-income level households are more likely to stay in hotels or travel to 

safer areas than low-income level households. 

Table 3.2 WTS 

RULE HURRICANE RISK AREAS INCOME LEVELS WTS 

1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 

15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 

Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 1 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 

Zone 1 
Zone 1 
Zone 1 
Zone 1 
Zone 1 
Zone 2 
Zone 2 
Zone 2 
Zone 2 
Zone 2 
Zone 3 
Zone 3 
Zone 3 
Zone 3 
Zone 3 
Zone 4 
Zone 4 
Zone 4 
Zone 4 
Zone 4 
Zone 5 
Zone 5 
Zone 5 
Zone 5 
Zone 5 
Zone 1 
Zone 1 
Zone 1 
Zone 1 
Zone 1 
Zone 2 
Zone 2 
Zone 2 
Zone 2 
Zone 2 

Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 

Average 
Small 
Zero 
Zero 
Zero 
Small 
Zero 
Zero 
Zero 
Zero 
Zero 
T&XQ 

Zero 
Zero 
Zero 

Zero 
Zero 
Zero 
Zero 
Zero 
Zero 
Zero 
Zero 
Zero 
Zero 
Large 
Average 
Small 
Zero 
Zero 
Average 
Small 
Zero 
Zero 
Zero 
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Table 3.2 Continued 

HURRICANE 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 2 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 3 
Category 4 
Category 4 

RULE RISK AREAS INCOME LEVELS WTS 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 
66 
67 
68 
69 
70 
71 
72 
73 
74 
75 
76 
77 

Zone 3 
Zone 3 
Zone 3 
Zone 3 
Zone 3 
Zone 4 
Zone 4 
Zone 4 
Zone 4 
Zone 4 
Zone 5 
Zone 5 
Zone 5 
Zone 5 
Zone 5 
Zone 1 
Zone 1 
Zone 1 
Zone 1 
Zone 1 
Zone 2 
Zone 2 
Zone 2 
Zone 2 
Zone 2 
Zone 3 
Zone 3 
Zone 3 
Zone 3 
Zone 3 
Zone 4 
Zone 4 
Zone 4 
Zone 4 
Zone 4 
Zone 5 
Zone 5 
Zone 5 
Zone 5 
Zone 5 
Zone 1 
Zone 1 

Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 

Small 
Zero 
Zero 
Zero 
Zero 
Zero 
Zero 
Zero 
2jero 

Zero 
Zero 
Zero 
Zero 
Zero 
Zero 
Very Large 
Large 
Average 
Small 
Zero 
Large 
Average 
Small 
Zero 
Zero 
Average 
Small 
Zero 
Zero 
2^ro 
Small 
Zero 
Zero 
Zero 
Zero 
Zero 
Zero 
Zero 
Zero 
Zero 
Very Large 
Large 
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Table 3.2 Continued 

HURRICANE 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 4 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 

RULE RISK AREAS INCOME LEVELS WTS 
78 
79 
80 
81 
82 
83 
84 
85 
86 
87 
88 
89 
90 
91 
92 
93 
94 
95 
96 
97 
98 
99 
100 
101 
102 
103 
104 
105 
106 
107 
108 
109 
110 
111 
112 
113 
114 
115 
116 
117 
118 
119 

Zone 1 
Zone 1 
Zone 1 
Zone 2 
Zone 2 
Zone 2 
Zone 2 
Zone 2 
Zone 3 
Zone 3 
Zone 3 
Zone 3 
Zone 3 
Zone 4 
Zone 4 
Zone 4 
Zone 4 
Zone 4 
Zone 5 
Zone 5 
Zone 5 
Zone 5 
Zone 5 
Zone 1 
Zone 1 
Zone 1 
Zone 1 
Zone 1 
Zone 2 
Zone 2 
Zone 2 
Zone 2 
Zone 2 
Z«ne 3 
Zone 3 
Zone 3 
Zone 3 
Zone 3 
Zone 4 
Zone 4 
Zone 4 
Zone 4 

Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 
Very High 
Very Low 
Low 
Medium 
High 

Average 
Small 
Zero 
Very Large 
Large 
Average 
Small 
Zero 
Large 
Average 
Small 
Zero 
Zero 
Average 
Small 
Zero 
Zero 
Zero 
Small 
Zero 
Zero 
Zero 
Zero 
Very Large 
Large 
Average 
Small 
Zero 
Very Large 
Large 
Average 
Small 
Zero 
Very Large 
Large 
Average 
Small 
Zero 
Large 
Average 
Small 
Zero 
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Table 3.2 Continued 

RULE 
120 
121 
122 
123 
124 
125 

HURRICANE 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 
Category 5 

RISK AREAS 
Zone 4 
Zone 5 
Zone 5 
Zone 5 
Zone 5 
Zone 5 

INCOME LEVELS 
Very High 
Very Low 
Low 
Medium 
High 
Very High 

WTS 
Zero 
Average 
Small 
Zero 
Zero 
Zero 

Table 3.2 indicates all potential combinations of category of hurricane, risk area, 

income level, and willingness to go to a shelter (WTS) for each situation defined. 

We assign income levels and membership function as described in Figure 3.7: 

1.0 Very Low 

0.0 

Low Medium High Very High 

2,500 10,000 17,500 25,000 37,500 50,000 65,000 80,000 95,000 iuCOmC IcVcls 

Figure 3.7 Membership Function for Income 

Figure 3.7 shows the definition of a X--Type membership fimction for the term 

income levels. 

In the previous example, the distance from shore and the wind speed of hurricane 

was translated into linguistic variables of values for that household, hi this current 

example, we further assume that this household has an annual income of $23,500 that 
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could be translated into a linguistic variable of value of {0.0, 0.7, 0.3, 0.0, 0.0}, which 

can be interpreted as "mostly low income, shghtly medium income level". 

3.4.3 Fuzzv Inference Using If-Then rales 

Now we can identify active rales that apply to current situation. This situation 

can be characterized by linguistic terms as follows: 

Rule 32 IF category = 2 AND zone = 2 AND income = low 

THEN WTS = Small 

Rule 33 IF category = 2 AND zone = 2 AND income = medium 

THEN WTS =Zero 

Rule 37 IF category = 2 AND zone = 3 AND income = low 

THEN WTS = Zero 

Rule 38 EF category = 2 AND zone = 3 AND income = medium 

THEN WTS = Zero 

Rule 57 IF category = 3 AND zone = 2 AND income = low 

THEN WTS = Average 

Rule 58 IF category = 3 AND zone = 2 AND income = medium 

THEN WTS = Small 

Rule 62 IF category = 3 AND zone = 3 AND income = low 

THEN WTS = Small 

Rule 63 IF category = 3 AND zone = 3 AND income = medium 

THEN WTS - Zero 
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Using the min operator to represent the logical AND and using values from 

membership functions, the IF parts of mles can be computed as follows; 

Rule 32 min {0.8, 0.1, 0.7} = 0.1 SmaU 

Rule 33 min {0.8, 0.1, 0.3} =0.1 Zero 

Rule 37 min {0.8, 0.9, 0.7} = 0.7 Zero 

Rule 38 min {0.8, 0.9, 0.3} = 0.3 Zero 

Rule 57 min {0.2, 0.1, 0.7} = 0.1 Average 

Rule 58 min {0.2, 0.1, 0.3} = 0.1 SmaU 

Rule 62 min {0.2, 0.9, 0.7} = 0.2 SmaU 

Rule 63 min {0.2, 0.9, 0.3} = 0.2 Zero. 

The results are the degrees of tiaith of the IF parts and indicate the relationship to 

the current situation. In addition, each rale defines an action to be taken in the THEN 

part. Therefore, for rale 32, the resuU that WTS is smaU is of degree 0.1, rale 33 imphes 

that WTS is zero to the degree 0.1, rale 37 implies that WTS is zero to the degree 0.7, 

rale 38 implies that WTS is zero to the degree 0.3, rale 57 implies that WTS is average to 

the degree 0.1, rale 58 imphes that WTS is small to the degree 0.1, mle 62 implies that 

WTS is small to the degree 0.2, and rale 63 imphes that WTS is zero to the degree 0.2. 

Since rales 32, 58 and 62 result in the same WTS, but with different degrees of 

trath, they cannot be trae simultaneously. In a fuzzy logic rale base, either rale 32 OR 

rale 58 OR rale 62 is trae. Hence, by using the fuzzy OR operator the degree of trath of 

"small" therefore becomes the maximum value of 0.1, 0.1, and 0.2. Moreover, since 

rales 33, 37, 38, and 63 resuh in the same WTS, but with different degrees of tiiith, they 
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also cannot be trae simultaneously, hi a fuzzy logic rale base, either rale 33 OR rale 37 

OR rale 38 OR mle 63 is trae. Thus, by using the fiizzy OR operator, the degree of tiiith 

of "zero" therefore becomes the maximum value of 0.1, 0.7, 0.3 and 0.2. This imphes 

that WTS can be characterized by "zero" with degree 0.7, "small" with degree 0.2, 

"average" with degree 0.1, "large" with degree 0.0, and "very large" with degree 0.0. 

3.4.4 Defuzzification Using Linguistic Variables 

The results of fuzzy logic inference are the values of a linguistic variable. The 

terms of WTSs are: {zero, small, average} and possible inference result is: {0.7, 0.2, 0.1, 

0.0, 0.0}, linguistically expressed as "pretty much zero, just slightly small and average". 

These degrees of membership are used as weights to the real values 0.0, 0.25, 

0.50, 0.75, and 1.0 to capture the best compromise of the fuzzy logic inference result. In 

addition to this, for the final outcome to lie in the interval [0,1], the sum of the weights 

must equal 1.0. Thus, the weights are divided by their sum. 

WTS = 0.7 * 0.0 + 0.2 * 0.25 + 0.1 * 0.50 =0.10 
0.7 + 0.2 + 0.1 

This value represents shelter use possibility for households under the same 

evacuation environment indicated in section 3.2. The higher this number is in the interval 

of [0, 1], the more likely that a household will go to a sheher. 
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3.4.5 Concluding Remarks 

The purpose of this section was to create a fuzzy logic model to estimate potential 

use of public shelters for a household. I only used income as a deterministic factor for 

intention to use public shelters. Actually, there are more significant factors to use of 

shelter indicated by surveys such as race, pet owning, etc. Creating this model with more 

factors on IF parts will provide a more sophisticated estimate of willingness to go to 

sheher. Since pets are not allowed in most shelter facilities, households with pets are 

more likely to evacuate if they can afford the cost. 

Use of shelter can be the only option for some populations at risk due to the fact 

that hurricanes can develop quickly and change direction and intensity so that full 

evacuation plans cannot be implemented in time. For effective emergency management 

and to reduce clearance time, and thus to reduce uncertainty, new public facilities could 

be designed and built to serve as shelters. This model can provide an estimation of 

potential areas for building or designing new shelters. I am certain that the addition of 

some demographics such as race, age, house characteristics, and pet ownership will 

determine the willingness to use shelter more accurately. That determination is for future 

research. 

3.5 Transportation 

3.5.1 Introduction 

Evacuation planning is a process in which the procedures and local infrasti^cture 

of an area are evaluated to assess their sufficiency for safely evacuating an impact area 
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due to a hurricane threat. The size of impact area depends on the severity of a hurricane 

and its track. Even though recent technological advantages have provided better 

predictions about hurricane impact, the process of evacuation planning is still a complex 

and vital issue to public safety. 

Transportation analysis for technological and natural hazards has evolved 

substantially since the late 1970s, especially after the nuclear reactor accident at Three 

Mile Island in Pennsylvania on March 8, 1979. This accident resulted in significant 

advantages in transportation analysis and evacuation time estimates in particular. 

Because of this accident, all operating nuclear power plants had to provide estimates of 

evacuation times for estimated exposure area. Although some of the earliest 

fransportation work was done for hurricanes (Urbanik, 1978), recent advantages for 

transportation analysis have come as a result of technological hazards. The Nuclear 

Regulatory Commission (NRC) is responsible for licensing nuclear power plants. 

However, the Federal Emergency Management Agency (FEMA) is responsible for off-

site planning. For this reason, FEMA has been in the process of developing an Integrated 

Emergency Management System (lEMS), which is designed to address planning, 

exercising, and emergency response. 

Since 1980, a variety of techniques and computer simulation packages using 

different evacuation models such as TRAFLO, NETSM, and NETVAC have been 

developed. In 1988, FEMA sponsored the development of the I-DYNEV evacuation 

model. I-DYNEV is an adaptation of the TRAFLO simulation model and clearly 

represents the state-of-the-art in evacuating modeling. More recently, FEMA sponsored 
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the development of OREMS (Oalc Ridge Evacuation Modeling System), which is to 

supplant I-DYNEV as its model of choice. OREMS was designed to help the plaimer 

identify the evacuation or clearance times and the traffic operational characteristics (e.g., 

average speed, bottlenecks and other information to develop effective evacuation plans. 

Despite the progress made since the early 1980s, additional research and development 

needs to be done for the existing evacuation models. The lack of realistic representation 

of driver behavior with respect to departure delays, destination selection, and route 

selection has been a major problem with these models (Rathi, 1994). Hobeika, Kim, and 

Beckwith (1996) also developed a microcomputer software package for analyzing and 

developing evacuation plans around nuclear power stations. However, the existing 

models lack user-friendly interfaces and are primitive by today's standards of 

microcomputer-based software. All of these systems were designed to help emergency 

managers make decisions in detailed evacuation planning and operations for different 

scenarios, including evacuation time, best routes, expected traffic bottlenecks, and 

allocation of evacuees to different shelters. However, these systems have required 

estimates of traffic demand (number of evacuees and vehicles by location), trip 

generation time, destination and route selection by evacuees, and capacity of the highway 

network. One of the key issues for evacuation planning involves estimating the number 

of vehicles (load) from a given region or zone. Such analysis can produce meaningful 

results if the intended use of vehicles by households is anticipated by emergency 

managers. Determination of intended use of vehicles by households definitely depends 

on people's behavioral analysis such as risk perception. Also, people's socioeconomic 
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characteristics play an important role in estimating traffic flows and the number of people 

who will need assistance in order to evacuate. Thus, the population distribution of the 

time of evacuation, the day of the week, and the road network in the evacuation areas will 

be ultimate deterministic factors to estimate clearance time. 

Clearance time is the time required to clear the roadway of all vehicles 

participating in a hurricane evacuation. Clearance time begins when the first evacuating 

vehicle enters the road network and ends when the last evacuating vehicle reaches a safe 

area. Clearance time includes mobilization time, which is the required time by evacuees 

to secure their homes and prepare to leave. Clearance time also includes travel time, 

which is the time spent by evacuees traveling along the network, and queuing delay time, 

which is the time spent by evacuees waiting along the network due to traffic congestion. 

Figure 3.8 shows the components of evacuation time. 

CLEARANCE TIDIE 

Mobil ization T ime 

Travel T ime 

Queuing Delay T ime 

t 
Issuance of Local 
Evacuation Orders 

PRE-LANDFALL 

HA2ARDS TIME 

> V 

Tropical Storm 
Wind T ime 

Surge Roadvray 
Inundation t ime 

Hurricane eye 
landfall 

Figure 3.8 Components of Evacuation Time 
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Transportation modeling requires knowledge of the number of vehicles 

evacuating, more than the number of people. Since households generally prefer not to 

separate their families, they will not use all available vehicles in evacuations. As 

discussed in the review of literature, the percentage of available vehicles used by 

households varies from evacuation to evacuation. The total evacuating people and 

vehicles originating from each evacuation zone will determine trip generations and then 

transportation analysis. Therefore, we identify two distinct scenarios during the event, 

evacuating from both homes and workplaces (weekday) and evacuating from homes 

(weekend) to determine the expected number of people that would need to be evacuated. 

3.5.2 Models 

Three models can be developed to estimate the number of vehicles to evacuate: 

1. The model to determine the number of permanent-population vehicles. 

2. The model to determine the number of vehicles belonging to temporary staying 

population. 

3. The model to determine the number of vehicles needed to evacuate people who 

do not access to transportation. 

In scenario 1, the number of people at work is captured by employment figures 

for each zone. People in hospitals, prisons, and schools will be evacuated by buses, 

ambulances, and other specially equipped vehicles. 

Total Vehicles, = PV; + TV, (3 1) 

Where 
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PV ,• = Pennanent population vehicles in zone / 

TV ,• = Transient vehicles in zone i 

For Scenario 1, the expression is 

PV/= {[U, + E, + ( T P ; - L , - S , - (a))] v,-} / VOR; (3.2) 

Where 

U, = Unemployed population in zone i 

E, = Employment in zone i 

TP, = Total population in zone i 

L ,• = Labor force in zone i 

S ,• = School age population in zone / 

a = 1 if evacuation during a school year, 

0 if evacuation during a school holiday 

V ,• = Percent vehicle owning population in zone i 

VOR/ = Vehicle occupancy ratio 

TV;= ( H, * HOR) + NH, + ( C, * COR) + B, + A, + SEV, (3.3) 

Where 

H, = The number of hotel rooms in zone / 

HOR = Hotel occupancy ratio 

NH / = The nonhotel tourist factor (to account for those staying with 

friends and relatives) in zone / 

C, = The number of campsites in zone i 

COR = Campsites occupancy ratio 
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B ,• = Busses required in zone / 

B, = { ( S A , * a ) + [U, + E, + ( T P , - L , - - S , ( a ) ) ] ( l - v , ) } / B O R (3.4) 

Where 

SA, = Students attending of schools in zone i 

BOR = Bus occupancy ratio 

A ,• = Ambulance needed in zone / 

A, = (HS,*HSOR) (3.5) 

Where 

HS ,• = The number of hospitals in zone / 

HSOR = Hospitals occupancy ratio 

SEV / = Special equipped vehicles in zone i 

SEV; = ( NRH / * HRHOR ) + ( MHI, * MHIOR ) + ( ? , + POR ) (3.6) 

Where 

NRH / = Nursing homes in zone i 

NRHOR = Nursing homes occupancy ratio 

MHI ,• = Mental health institutions in zone i 

MHIOR = Mental health institutions occupancy ratio 

P ,• = Prisons in zone / 

POR = Prisons occupancy ratio 

In scenario 2, the majority of people will be evacuated from their homes, and also, 

the institutionalized population (except students at school) will be evacuated. 
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For scenario 2, the expression is 

PV, = VOP,/VOR, (3.7) 

Where 

VOP = Vehicle owning population in zone i 

TV,= ( H, * HOR) + NH; + ( C, * COR) + B; + A, + SEV, (3.8) 

Evacuation planning under different scenarios evaluates the estimated WTE and 

WTS for each zone. According to locations and income level of households, the 

approximate evacuation participation rate can be calculated under different hurricane 

threats. Then, the number of vehicles participating in evacuation including transient 

vehicles, buses, ambulances, and other specially equipped vehicles can be obtained. 

After determining the number of vehicles participating in evacuation, the trip-loading 

stage can be determined according to characteristics of road networks. Subsequently, a 

variety of traffic-management strategies can be implemented. The stage of the network, 

trip loading, and distribution determine network clearance time. 

3.5.3 Impact of Response Curves 

All hurricanes differ from one to another; therefore, it becomes necessary to set 

clear assumptions about evacuees' expected responses. Empirical evidence in evacuation 

after evacuation demonstrates that people's responses depend on the circumstances of the 

particular threat. The same people will leave promptly or slowly because the urgency of 

evacuations varies due to the error inherent in hurricane forecasting. If a storm 

intensifies or changes course unexpectedly, evacuees usually leave quickly, as in 
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Hurricanes Eloise and Opal. However, if there is no unexpected change, evacuation 

proceeds according to behavioral response curves. Recent study (Baker, 1998) has 

shown three different timing response curves for planning (Figure 3.9). These behavioral 

response curves illustrate evacuees' response in relation to an evacuation order or 

advisory because people are not going to leave in substantial numbers until the authority 

tells them to do so. The actual number of hours over which the evacuation will occur can 

vary from place to place; therefore, the region will experience all slow, medium, and fast 

response curves eventually. 

Residents living in zone 1 and 2 tend to leave earlier than others do because they 

travel farthest on average. Moreover, the consequences of not leaving early enough are 

more risky for them. On the other hand, people living in non-surge areas tend to wait 

longest because they can afford to take greater risks and also the distance to reach safer 

areas for them is shorter than other evacuees. In addition to this, we expect no more than 

20% of evacuees to leave before evacuation notices are issued. 

Studies about evacuation response curves illustrate similarities according to 

evacuation time. We can depict these response curves depending on the number of hours 

before anticipated landfall. Since the evacuation must begin in order to allow time for 

completion, steepness of the curves will depend on evacuation time. However, 

evacuation response curves are consistent with the S shaped curve of the logic-based 

function that is used to represent the cumulative loading of evacuees on the network. 

Hurricane evacuation studies have shown possible ranges of mobilization times 

that might be experienced in an evacuation situation. Baker (1998) showed that fast 
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response people complete evacuation in six hours, while it takes nine hours for medium 

response people and twelve hours for slow response people in a twelve-hour completion 

framework. Thus, these mobilization times can provide estimation about the relative 

steepness for each curve. Steepness also depends on weather conditions, storm intensity, 

and the time of the day when the evacuation is ordered (Figure 3.9). 
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Figure 3.9 Evacuation Response Curves 

Transportation plans can be used to aid emergency planners in their development 

of contingency plans for evacuation. Here, we developed three models to determine the 

number of possibly participating in an evacuation. These models can estimate the 

number of permanent-population, temporary staying population, and people who do not 

have access to transportation. This determination can be evaluated under weekday and 

weekend scenarios. Characterization of evacuation and estimation of vehicles 
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participating in an evacuation will depend upon the place that people start evacuating 

such as from their homes or work places. In the weekday scenario, if the majority of 

people are at work, the evacuation plan will depend on the location of the business and 

commercial area of the region. In fact, Drabek (1999) indicated that most employees 

(82%) went straight home when they left work when they decided to evacuate. Thus, it is 

essential to estimate this traffic flow, which is possibly from inland areas to the shore, for 

better planning and clearance time determination. Different scenarios will provide a 

detailed estimation of traffic flows from inland areas to shores. These fiows mostly 

affect medium and slow response evacuation curves. 

Emergency planners should be prepared for the worst-case scenarios. Therefore, 

maximum participation rate for people and vehicles should be considered for these 

scenarios. Before determining the intention of vehicle use by households, the maximum 

amount of available vehicles for each zone under hurricane threat should be known to 

develop transportation plans. That is because clearance time is the travel time for these 

vehicles to evacuate according to the capacity of the available road network. Therefore, 

estimation of clearance time should be examined with the maximum amount of people 

who will start evacuation right after the evacuation order. This approach will give an 

approximation for clearance time under the most congested road network because when 

the volume assigned to a link exceeds its capacity, the link is declared congested. If the 

volume assigned to a link exceeds twice the linlc capacity, the link is declared blocked 

because the link is deemed unfit for further trip assignment (Hobeika, 1994). However, 

this situation is very unlikely unless emergency managers mislead people. 
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Assigning weights to evacuation response curves therefore becomes an important 

task for emergency planners in order to avoid unnecessary congestion on the road 

network. For example, assigning highest weight on slow response curve (assuming that 

the most people respond slowly to an evacuation order) will determine the clearance time 

for the slower trip-loading scenario. In this case, congestion will be unavoidable for the 

second half of the clearance time. The congestion may extend the time that people need 

to reach safe areas. Emergency managers who may favor voluntary and mandatory 

evacuation order should evaluate this scenario closely. Since possibilities of congestion 

exist, clearance time should be calculated under the worst-case scenarios according to the 

capacity of the road network. Therefore, the needs of improvements of evacuation routes 

can be easily resolved. 

The large number of evacuation scenarios will depend upon households' risk 

assessments and their intention to use vehicles. Different approaches such as optimistic 

and pessimistic risk assessment will be the cases according to strict assumptions that are 

either made or eased by emergency managers. 

3.5.4 Concluding Remarks 

The main objective of the transportation analysis is to estimate evacuation 

clearance time. Clearance time is a value resuhing from a fransportation engineering 

analysis that is performed under specific assumptions. Thus, the assumptions for the 

transportation analysis must be quite detailed. I leave that analysis to traffic engineers. 

My contribution in this section is to determine the number of permanent population and 
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fransient vehicles in a zone under different evacuation scenarios. The models developed 

here provide a detailed estimation for transient vehicles, which, I believe, have greater 

effects on clearance time because these vehicles are mostly specially equipped vehicles 

and they may create traffic flows in and out of a zone. I also believe that emergency 

plaimers underestimate the influence of these special equipped cars on traffic chaos, 

especially for weekday evacuation scenarios. 

3.6. GIS Apphcation 

3.6.1 Introduction 

In the previous sections, the behavioral assumptions, willingness to evacuate and 

shelter, and transportation analyses are evaluated to estimate households' response to a 

variety of hurricane threats. In addition, several models were developed to aid 

emergency planners in their development of contingency plans. This section focuses on 

use of geographical information system (GIS) as a tool to support smtable evacuation 

plans developed in the previous sections. 

3.6.2 GIS Use 

Geographical data plays an important role in decision analysis for hurricane 

evacuation. Location is the key element for people to assess risk under a hurricane threat. 

Geographical information system is used to categorize data input and output, storage and 

management, and manipulation and analysis to support decision-making activities. GIS 

is a computer-based system that provides the tools for generating data inputs to spatial 
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decision analysis with criterion maps and altemative decisions. Some GIS advance 

functions also provide statistical and mathematical modeling capabilities. However, we 

use software to provide valuable evacuation information regarding population at-risk, 

socioeconomic characteristics, and the roadway system for transportation analysis related 

to storm scenarios. 

The key information for guiding the transportation analysis depends on 

information in five areas. Arc View GIS software can create this information for each of 

these areas. 

1. Storm surge and evacuation zones. Evacuation zone boundaries can be 

developed according to surge inundation maps. 

2. Traffic analysis zones. Each evacuation zone can be made up of smaller areas 

that determine the number of vehicles, which will use each evacuation routes. 

3. Housing and population data. This data, for each evacuation and traffic zones, 

can be estimated by using data from the 1990 census. 

4. Behavioral assumptions. The participation rates, response rates, destination 

percentages, and vehicle usage by households during an evacuation can be 

determined by assigning shelter capacity to each evacuation or traffic zone 

(income and race can give some estimation about each zone for shelter use.) 

5. Roadway network and fraffic control assumptions. Links and nodes can be 

established for evacuation routes by ascertaining a number of lanes, facility 

type, and the area type information from available mapping and field 

inspections. 
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With the information given in these five areas, emergency managers can provide a 

risk assessment map for each zone according to the models we developed earlier to 

determine detailed transportation plans for potential storm scenarios. As a case study, let 

us evaluate hurricane evacuation problems for Corpus Christi, Texas. 

3.6.3 Description of Present Evacuation Plan for Corpus Christi 

Corpus Christi was last affected by Hurricane Bret in August 1999. It was the 

first hurricane to strike the Texas coast since Hurricane Jerry in October 1989. Hurricane 

Bret reached to Category 1 classification with winds of 90 mph on Saturday, August 21. 

The NHC extended the hurricane waming to Baffin Bay, Texas, 40 miles south of Corpus 

Christi. After that waming, voluntary evacuation was ordered for residents on Padre and 

Mustang Islands. Residents rashed to purchase food, water, gas, and other necessities. 

Nearly 100,000 residents of Nueces County and 80,000 individuals from surrounding 

counties left their homes to travel north. Interstate 37 to San Antonio become congested 

with bumper-to-bumper traffic. By the evening of August 21, Bret quickly intensified to 

a Category 4 hurricane, and NHC extended the hurricane waming to Port O'Connor, 

Texas, 80 miles northeast of Corpus Christi. Bret's center crossed the Texas coast over 

the central portion of Padre Island, midway between Brownsville and Corpus Christi on 

Sunday, August 22 and weakened to a Category 3 hurricane by the time of landfall. 

Exact landfall was made in central Kenedy County, 60 miles south of Corpus Christi. 

Fortunately, this was a sparsely populated region of mostly lowland fields used for 

farming. However, total rainfall amounts from Bret exceeded 15 inches in cenfral 
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Kenedy County, and elsewhere around the Coastal Bend, six to ten inches rainfall 

amounts were reported in two days. Several major roadways were closed due to high 

water around Corpus Christi. 

State highway officials estimated more than 300,000 northbound vehicles on 

Interstate 37 on Sunday. It took about six hours longer than usual for evacuees to reach 

Austin because of fraffic. In addition, traffic on major roadways crept, making a more 

than six-hours trip out of a normally two-hour drive to San Antonio for some evacuees. 

Despite the heavy traffic, no major accidents were reported during the evacuation. 

Meanwhile, emergency planners intentionally did not offer shelters inside the city limits. 

They believed that people would have stayed in town rather than evacuated if emergency 

officials had offered shelters. However, officials have received some criticism for 

following the Red Cross' national policy to not open shelters until a storm passes. The 

Salvation Army was used as a sheher of last refuge. 

In early aftemoon Sunday, the drive to San Antonio was estimated at eight hours. 

Therefore, emergency officials called off the evacuation request because there was not 

enough time for other residents to leave town. According to the spokesman for the Texas 

Department of Transportation, approximately 23,000 vehicles were counted headed 

toward Corpus Christi on Interstate 37 on Monday. Because of the experience for having 

not enough capacity on evacuation routes to evacuate residents in time, the Texas 

Department of Transportation has prepared a new Regional Hurricane Plan, 1-37 Reversal 

Plan, for Corpus Christi. 
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The purpose of the new study is to provide for the orderly, expedient, and 

coordinated evacuation of all or any part of the population of Region 3 that is in and 

around 1-37 because it is the most effective highway available for protecting the 

population from the effects of a threatening hurricane. 

The primary emergency situation necessitates the conversion of the southbound 

lanes for northbound traffic of 1-37 for evacuation of Corpus Christi in order to reduce 

the time to evacuate. Additionally, size and/or intensity of the storm, anticipated path of 

the storm, anticipated storm surge, number of citizens affected and set-up and de

mobilization time will serve as decision-making criteria for implementation of a reverse 

lane plan for 1-37. 

This Regional Hurricane Evacuation Plan for Corpus Christi District and Coastal 

Bend has been prepared by the Texas Department of Transportation. This plan is to be 

utilized by personnel of the Texas Department of Transportation (TxDOT) during an 

emergency evacuation including the following counties: Aransas, Bee, Goliad, Jim Wells, 

Kames, Kleberg, Live Oak, Nueces, Refugio, and San Patricio. This plan provides a 

framework for the preparation, mobilization, evacuation, and re-entry of these counties 

and also specifies the necessary manpower and equipment to assist coastal area local 

governments in their emergency planning. 

During a hurricane watch, emergency officials will inform people by interrapting 

routine broadcasts of radio and television to give special updates, waming messages, and 

evacuation information. When a hurricane threatens, emergency officials wam people 

who live on a barrier island, on the coast, in a mobile home near the coast, or in low-lying 
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or flood-prone areas near the coast to plan to evacuate any time. In addition, emergency 

officials inform people of different or alternative evacuation routes by zone as in Figure 

3.10. 

Figure 3.10 Evacuation Routes by Zone for Corpus Christi, Texas 
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These evacuation routes are divided into six zones, A through F, described as: 

Zone A: Take SPID to 1-37. 

Zone B: 1. Staples St. to Hwy 286 to FM 70 towards Bishop. 

2. Weber Rd. to Hwy 43 towards DriscoU. 

Zone C: 1. Ayers St. to Hwy 43 towards DriscoU 

2. Agnes St. to Hwy 44 towards Robstown 

ZoneD: 1. Take SPID to 1-37 

2. From SPID take Weber Rd. to Hwy 43 towards DriscoU. 

ZoneE: Take SPID to 1-37 

ZoneF: Take 1-37 

3.6.4 An Apphcation of the WTE/WTS Model to Comus Christi 

Corpus Christi is located in Nueces County, Texas. The county consists of 61 

census tracts and 217 census block groups. Census data from 1990 indicates that the total 

population is 291,145 in the county. According to the census data, there are a total of 

99,551 households within the county borders. Figures 3.11 and 3.12 illusfrate total 

population and number of households in Nueces County. 
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Figure 3.11 Total Population in Nueces County, Texas (1990). 
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Figure 3.12 Number of Households in Nueces Coxmty, Texas (1990). 
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Let us assume that a Category 3 hurricane with 113 mph wind speed is 

approaching Corpus Christi. We chose two block groups as shown in Figure 3.11 to 

distinguish the evacuation response for different locations under the same hurricane 

threat scenario. According to U.S. Census Bureau data, the first block group is in census 

fract 26 with block group number 3 and the second block group is in census tract 1802 

with block group number 3. The center of the first block group is located 1 mile away 

from the shoreline, while the second one is located approximately 5 miles away from the 

shoreline. 

The data for households' income, number of people, and households for each 

census block groups is obtained from U.S. Census Bureau and shown in Table 3.3. The 

data indicates 491 households with a total of 1293 people in the first block group. 

The membership functions for the category of hurricane and risk areas for the first 

block group are defined in Figures 3.13 and 3.14. 

90 95 100 105 110113 115 125 130 135 150 155 160 windspeed 

Figure 3.13 Membership Function for Hurricane Categories According to 
Saffir-Simpson Scale 
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Figure 3.14 Membership Function for Block Group 1 According to 
the Distance from the Shoreline 

According to membership fimctions, the category of hurricane can be franslated 

into '0.2 category 2' and '0.8 category 3' and location for the first block group can be 

represented as 0.67 zone 2 and 0.33 zone 3. Now WTE can be calculated for this block 

group. According to category of hurricane and risk area, rales 7, 8, 12, and 13 defmed in 

Table 3.1 can be applied to the current situation. Using fuzzy operators min and max, 

WTE can be characterized by '0.2 small', '0.33 average', and '0.67 large'. Weights such 

0.0, 0.25, 0.50, 0.75, and 1.0 are used to capture the best compromise of the fuzzy logic 

inference result for WTE. 

WTE, 
0.2 * 0.25 + 0.33 * 0.50 + 0.67 * 0.75 

sO.60. 
0.2 + 0.33 + 0.67 

For the second block group, the location is identified as '0.75 zone 3' and '0.25 

zone 4' according to the membership function in Figure 3.15. 
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0.25 0.5 13.5 15.5 17.5 Distance From 
Shoreline (mile) 

Figure 3.15 Membership Function for Block Group 2 According to 
The Distance from the Shoreline 

Now WTE can be calculated for the second block group. According to category 

of hurricane and risk area, rales 8, 9, 13, and 14 can be applied to the current situation. 

Using fuzzy operators min and max, WTE can be characterized by '0.25 small', '0.75 

average' and can be defuzzified as: 

0.25*0.25 + 0.75*0.50 
WTE2 = 

0.25 + 0.75 
sO.43. 

As explained before, willingness to shelter analysis depends on a household's 

income level. According to 1990 census data, income of households includes the income 

of the householder and the other persons 15 years old and over in the household. The 

eight types of income reported in the census data are wage and salary income; nonfarm 

self-employment income; farm self-employment income; interest; dividend; or net rental 

income; social security income; public assistance income; retirement or disability 

income; and other kinds of periodic income. The median income is based on the 
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distribution of the total number of units including those with no income. Table 3.3 

provides households' income levels for the two block groups chosen. 

Table 3.3 1990 Census Data for Nueces County 

Demographic Variable Block Group 1 Block Group 2 
POPULATION 
Total Population 
Total Households 
INCOME 
Income Under $15,000 in Household 
hicome $15- 25,000 in Household 
hicome $25- 35,000 in Household 
Income $35- 50,000 in Household 
hicome $50- 75,000 in Household 
Income Over $75,000 in Household 
Median Household Income 
VEHICLES IN HOUSEHOLD 
No Vehicle in Household 
One Vehicle in Household 
Two Vehicle in Household 
Over Two Vehicle in Household 
Aggregate Vehicles 

1293 

491 

175 
117 
99 
71 
20 
9 

21089 

9 
199 
199 
56 
775 

392 
107 

6 
22 
22 
27 
24 
6 

36458 

0 
34 
39 
26 
193 

Median household income (dollars) is used for WTS analysis. Median household 

income level is $25,337 (http://factfinder.census.gov/home/en/datanotes/expstO90.htm) 

for Nueces County (Figure 3.16). 
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Figure 3.16 Median Household Income for Nueces County (1990). 
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The membership function according to households' income levels is defined in 

Figure 3.17. 

Very High 
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Figure 3.17 The Membership Function Representing Median Household Income 
for Block Group 1 

For the first block groups, median household income ($21,089) is translated into 

'0.9 low' and '0.1 medium' (Figure 3.17). In the previous analysis, category of 

hurricane is translated into '0.2 category 2' and '0.8 category 3' and location is defined as 

'0.67 zone 2' and '0.33 zone 3' for the first block group. Now WTS for this block group 

can be calculated. According to Table 3.2, rales 32, 33, 37, 38, 57, 58, 62, and 63 can be 

applied to the current situation. Using fuzzy operators min and max, WTS is calculated 

as '0.33 small' and '0.67 average' and can be defiizzified as: 

0.33*0.25 + 0.67*0.50 
WTS, - -

0.33 + 0.67 
= 0.41. 

There are 175 households with the income level under $15,000 as indicated in 

Table 3.3. For more detailed analysis, this income level is translated into '1.0 very low' 

and WTS is calculated by applying the same rules as '0.2 small', '0.33 average', and 

'0.67 large' and can be defuzzified as: 
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. . - _ 0.2 * 0.25 + 0.33 * 0.50 + 0.67 * 0.75 ^ ,^ 
WlSivL=^ —=0.59. 

0.2 + 0.33 + 0.67 

There are 117 households with the income level $15- 25,000 as indicated in Table 

3.3. This income level is translated into ' 1.0 low'. Therefore, WTS is calculated by 

applying the same rales as '0.33 small', and '0.67 average' and can be defuzzified as: 

^ ^ 3 0.33-0.25 ^ 0 . 6 7 - 0 . 5 0 ^ ^ ^ , 

0.33 + 0.67 

There are 99 households with the income level $25-35,000 as indicated in Table 

3.3. This income level is translated into '1.0 medium'. Therefore, WTS is calculated by 

applying the same rales as '0.67 small' and can be defuzzified as: 

0.67 

For the household income level of over $35,000, WTS will be zero. According to 

the analysis, 59% of the very low income level, 41% of the low income level, and 25% of 

the medium income level households are potential to use a sheher under this hypothetical 

scenario. 

For the second block group, median household income ($36,458) is franslated into 

'0.35 medium' and '0.65 high' (Figure 3.18). 
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Figure 3.18 The Membership Function Representing Median Household Income 
for Block Group 2 

In the previous analysis, category of hurricane is translated into '0.2 category 2' 

etnd '0.8 category 3' and location is defined as '0.75 zone 3' and '0.25 zone 4' for the 

second block group. Now WTS can be calculated for this block group. According to 

Table 3.2, rales 38, 39, 43, 44, 63, 64, 68, and 69 can be apphed to the current sitiiation. 

Using fuzzy operators min and max, WTS is calculated as '0.65 zero' and can be 

defuzzified as: 

0.65 

Since WTS for the second block group is zero, detailed analysis for different 

income levels will be unnecessary. 

After determining WTE and WTS, the analysis to estimate number of cars 

participating in the evacuation can be extended. Let us assume that the number of 

vehicles per evacuating household is 1.5 when the household has more than one vehicle 

available for the evacuation. If WTE is 100% for block group 1, 199 households wiU be 

using only one vehicle, while 255 households will be using more than one vehicle for 
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evacuation (Table 3.3). Thus, the number of cars participating in the evacuation can be 

estimated as: 

199 + (199+56)*1.5 s581. 

Meanwhile, nine households have no vehicle; therefore, they may need 

transportation assistance to evacuate. 

Taking WTE into consideration, 60% of these households can be expected to 

evacuate. Therefore, the number of cars participating in the evacuation can be estimated 

as: 

0.60*581 s349. 

For block group 2, assuming 100% participation rate for evacuation, 34 

households will be using only one vehicle, while 65 households will be using more than 

one vehicle for the evacuation (Table 3.3). Thus, the number of cars participating in the 

evacuation can be estimated as: 

34+ (39+26)* 1.5 s 132. 

Meanwhile, all households have either one or more vehicles available; therefore, 

they may not need transportation assistance to evacuate. 

Taking WTE into consideration, 43%) of these households can be expected to 

evacuate. Therefore, the number of cars participating in the evacuation can be estimated 

as: 

0.43*132s57. 

In this analysis, WTS is not taken into consideration when the number of cars 

participating in the evacuation is estimated because there is no shelter available for 
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evacuees in Nueces County. However, WTS analysis can assist planning of shelter 

constraction/provision to achieve maximum shelter use. 

3.7 Concluding Remarks 

This chapter provides several models to assist emergency managers for effective 

prior plaiming of hurricane evacuations. The main objective of this chapter is to develop 

WTE/WTS and detailed transportation models to estimate hurricane participation rate and 

therefore to provide a micro approach to implement "phased evacuation." The WTE 

model provides a risk map for the area under a hurricane threat by assessing risk factors 

for each census block. 

Section 3.3 provides WTE model to identify the areas under a hurricane threat 

more realistically according to the storm intensity. This model also estimates the number 

of people who are willing to evacuate in each census block and therefore creates high 

detail risk-zone maps. Section 3.4 provides WTS model to estimate potential public 

shelter use for each census block. Thus, this model will assist emergency planners in 

determining the size and locations of the public shelters according to socio-economic 

characteristics of the population at risk. Section 3.5 provides a detailed transportation 

model to estimate the number of vehicles, ambulances, and specially equipped vehicles. 

This model distinguishes weekday and weekend scenario and therefore provides a better 

estimation for the number of vehicles participating according to the day of the week that 

an evacuation implemented. Furthermore, this model estimates evacuation participation 

rate for each census block according to the availability of hospitals, schools, and mental 
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health institutions in that census block. I believe that this detailed transportation analysis 

will determine clearance time more accurate because the model considers transient 

vehicles, ambulances, and specially equipped vehicles that are usually underestunated by 

emergency plarmers. In section 3.6, the important role of geographical and socio

economic data in hurricane evacuation decision-making analysis is explained. 

Furthermore, GIS use as a tool to support WTE/WTS models is examined. In section 

3.6.4, an application of the WTE/WTS models for Corpus Christi is proposed and 

availability of the data to implement these models is discussed. The calculations of 

WTE/WTS and the number of vehicles participating in an evacuation under a 

hypothetical scenario for Corpus Christi are illustrated. 

The models developed in this chapter will provide a risk assessment for 

households in each census block for different hurricane scenarios according to the 

intensity of the storm. Therefore, this detailed risk zone map will determine 

implementation of "phased evacuation" depending on households risk assessments 

because getting the people at high risk out is the key for preventing fraffic chaos, 

reducing clearance time, and implementing a successful evacuation. 
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CHAPTER IV 

POSSIBILITY THEORY 

4.1 Introduction 

One of the most controversial issues between probability theory and fuzzy sets 

has to deal with uncertainty modeling and information sciences. One of the reasons for 

controversies is the claim that fuzzy sets are ill-interpreted probabilities combined in an 

ad-hoc manner. The first conflict between them is the existence of links such as the 

possibility of probabilistic interpretations of membership functions. The other is the 

legitimacy of any uncertainty management method. 

Researchers believed that many misunderstandings were due to lack of knowledge 

of one field by the other. They also suggested many methods for reconciling of fiizzy 

sets and probability, especially via possibility theory. Possibility theory was coined by L. 

A. Zadeh in the late seventies. It was an effort to put the intuitive and primitive concepts 

of "possibility" on a firm mathematical ground to model flexible restrictions constracted 

from vague pieces of information, described by means of fuzzy sets. The close links 

between possibility theory and fuzzy sets, mainly dealing with numerical possibility and 

necessary measures, were first introduced by Dubois and Prade (1988). The links 

between possibility theory and belief functions, with again a numerical flavor, were 

investigated by Klir and Folger (1988). Possibility theory is also non-classical theory of 

uncertainty, which is different from but related to, probability theory. Dubois and Prade 

(1998) clearly distinguished quantitative and qualitative sides of the story in detail. De 
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Cooman (1997) emphasized basic mathematical aspects of quantitative possibility theory 

at length. Possibility theory equips fuzzy sets that are required for a sound comparison 

with probability in terms of set-functions, conditioning tools, notions of independence, 

and even decision-theoretic foundations. There are three possible settings for possible 

theory. First is the comparative setting where a complete preorder of elements on the set 

U generates possibility and necessity relations between events. Second is the finite 

ordinal framework where possibility degrees take values on a finite symbolic totally 

ordered set. Third is the numerical setting where possibility degrees are valued on the 

unit interval. Let us comment on the various meanings of the term "possibility" before 

presenting these three settings. 

4.2 The Meaning of Possibility 

As probabilities interpreted in different ways (e.g., frequentist view vs. subjective 

view), possibility theory can support various interpretations. Four ideas can be conveyed 

by the word "possibility": 

1. Feasibility: ease of achievement, also referring to the solution to a problem, 

satisfying some constraints. Expression such as "h is possible to solve this 

problem" captures the linguistic level of meaning. 

2. Plausibility: refers to the propensity of an event to occur. Means of sentences 

such as "h is possible that the frain arrives on time" express the grammatical level 

of this semantics. 
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3. Consistency: this view of possibility is logical, h refers to consistency with 

available information. Basically, it states that a proposition is possible, meaning 

that it does not contradict this information. 

4. Allowed: this semantic of possibility is deontic. Possible means allowed, 

permitted by law. 

4.3 The Logical View 

Yager (1980), Dubois and Prade (1980), and Prade (1982) put forward possibility 

as logical consistency. Let a piece of information be given such as a set E, which refers 

to the information possessed by an agent. Let "xeE" be known for sure where x is some 

ill known object. It is incomplete insofar that E contains more than one element. The 

value of X can be one (but only one) of the elements in E. Given such a piece of 

information, a set-function IIE can be built from E such that: 

HE (A) = 1 if AnE ^ 0 (xeA and xeE are consistent) 

= 0 otherwise (A and E are mutually exclusive) (4.1) 

IIE (A) = 1 means that given x£A, x£E is possible due to the intersection between 

set A and set E, which is not empty. On the other hand, IIE (A) = 0 means that xeA is 

impossible knowing that xeE. It can be easily verified that IIE satisfies the axiom, 

sometimes called "maxitivity" (Shilkret, 1971), or "f-additivity" (Sugeno, 1974) such 

that: 
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nE(AORB) = max(nE(A),nE(B)). (4.2) 

4.4 Objective versus Subjective Possibility 

Possibility can be understood either as an objective notion (referring to properties 

of the physical world) or as an epistemic one (referring to the state of knowledge of an 

agent) (Hacking, 1975). Feasibility can be foreseen from both points of view. 

Possibility, as objective feasibility, means physically easy to achieve. For instance, "it is 

possible/or Bob to eat six eggs for breakfast." Zadeh (1978) has advocated physical 

possibility to justify the axiomatic rale of possibility measures such as in equation 4.2. 

The degree of ease of some action that produces A OR B (A u B, formally speaking) 

often comes along with the idea of preference. Given two actions, considering mutually 

exclusive altematives, the most feasible one(s) (in some sense) is/are usually preferred. 

Therefore, the willingness of an agent to make a decision can be interpreted as subjective 

feasibility. Here possibility refers to preference and thus the whole calculus of possibility 

theory can be interpreted in the light of preference modeling and optimization theory. 

Shalke (1961) who proposed a calculus of degrees of "potential surprise" that matches 

the possibihstic framework put forward by the epistemic notion of plausibility as another 

side of possibility. 

4.5 Necessity 

Plausibility is dually related to certainty. The certainty of an event reflects a lack 

of plausibility of hs opposite. This is different than probability, which is self-dual. The 
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expression it is not probable that "not A " means that it is probable that A. On the other 

hand, it is not possible that "not A" does not mean it is possible that A but it has stronger 

meaning: it is necessary that A. Conversely, it is possible that A does not entail anything 

if "not A" is possible or impossible. Here we deal with dual pair possibility/necessity and 

a semantic analysis of necessity can be done paralleling the one of possibility. There 

exists objective necessity as well as subjective necessity. Objective necessity refers to 

laws of nature and also to lower bounds of frequency measurements. Subjective 

necessity viewed as the duality of preference means priority and belief, acceptance, 

probable provabihty. Namely, accepting reasons to use a proposition as if it were trae 

means beheving until some new information disconfirms this proposition. It is also clear 

that a proposition is certain if and only if it derives from the available information. Thus, 

possibility is a matter of logical consistency, while necessity conveys a logical meaning 

in terms of deduction (Yager, 1980). Knowing that xeE, the certainty of the event xeA 

can be evaluated by the following index: 

NE(A) = 1 if EC A 

= 0 otherwise. (4-3) 

This is called necessity measure and clearly, the information xeE logically entails 

xeA when E is contained in A. Thus, certainty apphes to events that are logically 

entailed by the available evidence, ft can be easily interpreted that 

NE(A) = l-nE(notA). (4-4) 

That is, A is necessarily tine if and only if 'not A' is impossible. 
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4.6 Oualitative versus Ouantitative 

The choice of a formal setting for expressing levels of possibihty and necessity is 

the question connected to the semantics of possibility. Possibility theory consists of 

qualitative and quantitative elements, hi quantitative theories, degrees of possibility are 

numbers, hi order to understand their meaning, one must indicate where they come from, 

hi qualitative theories, possibility can be described by means of suitable relation between 

events. Here a totally ordered scale or lattice of possibility levels can be attached to 

events. Raufaste and Da Silva Neves (1998) recently investigated the cognitive 

validation of possibility theory for a better understanding of when possibility is most 

appropriate. Their experiments suggest "human experts might behave in a way that is 

closer to possibihstic predictions than probabilistic ones." 

4.7 Possibihty Distributions 

A possibility distribution TI is a mapping from a universe U to a bounded linearly 

ordered valuation set S. This ordered set, finite or not, may be exemplified by the unit 

interval [0, 1]. For instance, {0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1} can be used as 

a qualitative evaluation set, but numerical encoding is just a matter of convenience. With 

such a valuation set S, fuzzy set intersection, union and complementation can only be 

defined by min, max, and the order-reversing operation n, such that n(0)=l and n(l)=0. 

In the numerical setting, when L=[0, 1], the function n is generally taken as l-(.) while 1 

and 0 denote the top and the bottom elements of valuation set L when L is finite. 
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A possibility distribution is often attached to a variable x ranging on U and then 

denoted TIX, such that x stands for an unknown value taken by one of several attributes 

used to describe states of affairs. Possible values of x are mutually exclusive such as the 

age of a man, the size of a building, the temperature of a room, etc. A possibility 

distiibution represents a state of knowledge (about the state of affairs), ft distinguishes 

what is plausible from what is less plausible, what is surprising from what is expected. 

For a given situation, x has a unique value u in U, but this value may be only roughly 

known, a possibility distribution TIX represents available information restricting the 

possible values of x. Thus, 7i(u) represents to what extent it is possible that u is the actual 

value of X and a flexible restriction of the values of x with the following conventions: 

7ix(u) = 0 means that x=u is rejected as impossible 

7ix(u) = 1 means that x=u totally possible(=plausible). (4.5) 

Flexibility regarding the possible values of x is modeled by letting 7rx(u), degree 

of possibility of the assignment x=u, between 0 and 1 for some values u. Thus, some 

values of u are being more possible than others are, the closer to 1, the more possible it is 

that u is the actual value of the variable considered. Clearly, at least one of the elements 

of U should be fully possible as a value of x if U is the complete range of x. Hence, there 

exists u such that the expression (Vu, 3u s.t. 7tx(u)=l) refers TC is normal or normalized. 

Zadeh (1965) stated that that possibility distribution could be viewed as the generalized 

characteristic function of a fuzzy set. 
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4.8 Fuzzy Statements as Possibility Distribution 

When a variable x is precise and certain with the knowledge available, x has the 

form "x is equal to u." When x is imprecise, a ftizzy set A defined on a universe U can 

be used for the characterizations of the form "x is A." This fuzzy statement can be used 

in two very different situations. First, "x is A" may be evaluated with respect to precise 

information such as x=u. Then, the trath-value of the elementary statement is A(u) for 

any u in U. As long as the actual value u of x satisfies the fuzzy label of the fuzzy 

constraint represented by A to a higher degree, the proposition "x is A" is the more trae. 

Second, a fuzzy statement "x is A" may also represent an imprecise description of the 

variable x. Since the actual value of x is ill known, it then represents all that is known 

about the value of x. 

Zadeh (1978a) emphasized that this uncertainty is not probabilistic and can be 

modeled through possibility theory. A possibility distribution TIX with the given 

elementary fuzzy proposhion "x is A" can be defined by 

VueU, 7Cx(u) = A(u). (4.6) 

A(u) estimates the degree of compatibility of "x is u" with the statement "x is A." 

In other words, the possibility that x is u is equated to the degree of compatibility of u 

with A knowing only that "x is A." However, degrees of possibility (refiecting 

uncertainty) and degrees of membership understood as degrees of trath are not the same 

concept. For instance, Bezdek, Dubois, and Prade (1999, p. 36) assume A= "tall" and x 

refers to the height of John. Then 7Ci,eight(john) estimates to what degree it is possible that 

proposition 'heightGohn)=u' is trae knowing the available information 'John is taU.' On 
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the other hand, tall{u) estimates to what extent it is trae that somebody, whose height is 

precisely u, is tall. Therefore, 7ti,eight(Joi,n)(u) (a degree of possibility) and tall(u) (degree 

of tiTith) refer neither to the same proposition nor the same state of knowledge. What is 

expressed by 7rx=A(.) that the degree of possibility that John's height is equal to u is 

proportional to the compatibility of u with "tall", when it is only known that John is tall. 

More precisely, it can be expressed as; 

Vu, 7rheight(John)(u | talV)=tall(u) . (4.7) 

4.9 Information Content of a Possibihty Distribution 

A possibility distribution n is said to be at least as specific as another n' if and 

only if 7i:(u)<7i' (u) for each state u. Then, it can be easily interpreted that n is at least as 

restrictive and informative as n' in the sense that each value u is considered at least as 

plausible by it' as n. Therefore, n tends to eliminate more candidate values than n' . 

Namely, extreme forms of partial knowledge can be captured in the possibihstic 

framework. 

Complete knowledge: for some uo, 7ix(uo)=l and 7ix(u)=0, 

V u ^ uo (only x = UQ is possible) (4.8) 

-Complete ignorance: 7rx(u)=l, Vu (all values in U are possible). (4.9) 

Possibility theory is driven by the principle of minimal specificity such tiiat the 

best representative is the least specific feasible possibility distiibution, given a set of 
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constraints restricting a feasible subset of possibility distribution. Hence, highest degree 

of possibility to each state can be assigned, since it is also a less committed one. 

Generally, we have 7r(x,y)= min(7ix, %)• If no other consfraints exist linking x and y, then 

they are said to be noninteractive and only the inequality 

7r(x,y) < min(7rx, %) holds. (4. i Q) 

4.10 Possibility and Necessity of Events 

Let subsets of the set U of states be denoted A, B, C where A'̂  is the complement 

of A. The response to a simple query of the form, "does x belong to A?" where A is a 

prescribed subset, can be obtained by computing the partial belief induced on A by the 

knowledge encoded by n to what extent: 

-A is consistent with TC, with degree of possibility 

n(A) = supueA7i(u) (4.11) 

A is certainly implied by n, with degree of necessity 

N(A) = n(n(A'=)) = infu^A n(7t(u)) (4.12) 

n is an order reversing map on L where L=[0, 1] and n(.) is l-(.), in the numerical 

case N(A) = 1- n(A''). For normalized possibihty measures n(U) = 1, and 11(0) = 0 by 

convention. In fact, there is a one-to-one correspondence between possibility 

distributions and possibility measures. This fact is different from what happens in 

probability theory. Since possibility theory proposes a set-function that quantifies the 

uncertainty of events, it appears as a more direct challenger of probability than fuzzy sets. 
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A possibility measure on a finite set U is mapping from 2^ to [0,1], namely: 

n ( 0 ) = 0 

n(A u B) - max(n(A),n(B)). (4.13) 

On the other hand, necessity measures satisfy an axiom dual of the one of 

possibility measures (Dubois and Prade, 1988) such that: 

N(AnB) = min(N(A),N(B)). (4.14) 

n(A) qualifies degree of possibihty of A and is also defined by assuming that if ft 

is only known that A occurs, then the most plausible situation compatible with A is the 

one that takes place. It expresses a level of unsurprise such that the degree of possibility 

of the event "the light is off is computed after the degree of possibility is known that 

"someone switched off the light" rather than "the bulb is broken." In this case, the latter 

is very unusual compared to the former. The assumption of jumping to the most 

plausible situation is the basic maxitivity axiom of possible measures. The most 

plausible situation where A is false is rather impossible if a positive degree of necessity 

N(A) > a >0, i.e., not possible to a level greater than 1- a. 

Possibihty and necessity measures H and N are set functions. They can provide 

simple ordinal representations of graded uncertainty because their particular character hes 

in their qualitative nature. For instance, the valuation set L is used only for rank-ordering 

the various possible situations in U, in terms of their compatibility with the normal course 

of things as encoded by the possibility distribution TC. The assumption is here again that 

the actual situation is normal, i.e., h is any u such that 7t(u) is maximal given other known 
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constraints, h justifies the evaluation n(A). Here, "possible" means "unsurprising", 

"plausible" and also N(A)>0 means that A is an accepted belief (with normality 

assumption) such that one may act as if A were trae. This assumption always can be 

revised if further pieces of evidence contradict ft. 

4.11 Decision-Theoretic Foundations of Possibility Theory 

Decisions are made in an uncertain environment. The consequence of a decision 

depends on the state of the world in which it takes place, according to Savage's (1954) 

framework. For instance, one must choose our dishes without being totally sure that food 

is good in a restaurant. A decision can be a mapping from U to X if U is a set of states 

and X is a set of possible consequences. The decision-maker has some knowledge of the 

actual state. He/she has also some preference on the consequences of his/her decision. 

The usual approach to decision-making under uncertainty is based on a unique 

probability distribution representing uncertainty and a utility function on consequences. 

When uncertainty is due simply to a lack of information, the idea of expectation is less 

attractive because only the result of the present decision matters. The possibihstic 

approach to decision under uncertainty addresses this kind of situation. 

4.12 Oualitative Decision Theory 

The expected utility criterion, axiomatically justified both in terms of probabilistic 

lotteries (von Neumann and Morgenstem, 1944) for decision under risk and in terms of 

preference acts for decision under uncertainty (Savage, 1954) have been questioned later. 
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AUars (1953) and EUsberg (1961) showed the existence of cases where systematic 

violations, some of which were due to a cautious attitude of decision-makers in front of 

uncertainty, of the expected utility could be observed. More recently, Gilboa (1982) and 

Schmeidler (1989) have advocated and axiomatized lower and upper expectations 

expressed by Choquet integrals attached to non-additive measures correspondmg to 

families of probability measures. Some of these generations expected utility criteria are 

also generalizations of the Wald criterion, where decision is evaluated by the value of its 

worst possible consequence, for decision under ignorance. Chouqet integrals are wild 

versions of Wald criterion in the sense of the lower expectations. 

Information about preference and uncertainty in decision problems cannot always 

be quantified in a simple way. However, only qualitative evaluations can sometimes be 

attained. In the framework of Artificial Intelligence, the question has been pointed out: 

can we make decision on the basis of quahtative information? 

Contrary to classical frameworks, the set of states of the world and the set of 

consequences of actions are often supposed to be finite in this kind of research. 

Moreover, giving up the quantification of utility and uncertainty often leads to giving up 

the notion of expectation based on averaging, as well. 

Fully giving up the quantification of utility and belief also provides an approach 

where uncertainty is represented by a likelihood relation on events and preference by or 

ordering on consequences of decisions. In two qualitative criteria, an optimistic and a 

pessimistic one, uncertainty and preferences are captured by possibility distributions and 

more precisely in the framework of qualitative possibility theory (Dubois and Prade, 
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1998). The pessimistic (resp. optimistic) criterion is formally equivalent to the degree of 

necessity (resp. possibility) of a fuzzy event. This can be seen as a particular case of 

Sugeno integral with respect to necessity (resp. possibihty) measure. One-shot (non 

repeated) decisions, where the decision is evaluated by means of a particular state 

prevision that belongs to ones considered as plausible for the decision maker, are tailored 

within this framework. 

Didier, Prade, and Sabbadin (1998) examined the general case of qualitative 

evaluation of decision mles when the uncertainty is modeled by monotonic set-function, 

and the criterion is expressed as a Sugeno integral. Classical decision theory uses 

average to assess the value of decisions under uncertainty while Sugeno integral, which is 

the qualitative counterpart of a Choquet integral, requires only a totally ordered scale to 

be defined. Sugeno integral is median, which can be viewed as a quahtative counterpart 

of an expectation. 

4.13 Qualitative Uncertainty in Decision Theory 

If information is qualitative, it makes sense to represent incomplete knowledge on 

the state by a possibility distribution x on U with values in a plausibihty valuation set L. 

Another possibility distribution p with values on a preference valuation set S represents 

the decision-maker's preference on x. Then, the utility of a decision d can be evaluated 

by combining the plausibilies 7i;(u) and the utilities (i(x) where the consequence of d in 

state u is x=d(u)eX for all states u. In the literature, two qualitative criteria have been 

put forward to evaluate the worth of decision d. hi addition, these two quahtative criteria 
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that are axiomatically justified (Dubois and Prade, 1995) provided that a 

commensurability assumption between plausibility and preference is made: 

A pessimistic criterion 

U*{d) = infueu max(n(7t(u)), p(d(u))) (4.15) 

Which generalizes the max-min Wald criterion in the absence of probabilistic 

knowledge where n is order reversing from L to S. 

An optimistic criterion 

C/*(d) = supueu min(m(^(u)), p(d(u))) (4.16) 

Which generalizes the maximax optimistic criterion where m is order preserving 

from L to S. 

As a special case of Sugeno integrals, these criteria are clearly based on 

possibility and necessity of fuzzy events. The optimistic criterion has been first proposed 

by Yager (1979). The Pessimistic criterion, under the form of a maximin disutility, has 

been proposed by Whalen (1984) and also used in Inuiguchi et al. (1989). Maximizing 

L̂ *(d) means to find a decision d whose consequences are highly plausible and also highly 

preferred. The compromise between high plausibility and low utility, expressed by the 

order referring map between the plausibility valuation set L and the utility valuation set 

S, reflects the definition of "highly plausible," which is decision-dependent. The 

pessimistic utility U*{d) is small if a possible consequence of d, which is botii plausible 

and bad with respect to preferences, exists. This is clearly a risk-averse attitude and 

generalizes the max-min Wald criterion in the absence of probabilistic knowledge. Thus, 

the pessimistic criterion evaluates decisions on the basis of their worst consequences, 
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however unlikely they are. The possibihstic criterion is less pessimistic and focuses on 

the idea of usuality. Hence, it relies on the ^ or si plausible consequences induced by the 

decision. Some unlikely states are neglected by a variable thresholding. The threshold is 

determined by comparing the possibility distributions valued on L and S via mapping n. 

On the contrary, the optimistic utility is high as soon as there exists a possible 

consequence of d, which is both highly plausible and highly prized. 

The expression of utilities for binary acts is rather simple. Let xAy denote a 

decision that gives consequence x if A occurs and y otherwise, and assume x is preferred 

to y (p(x) >p(y)). Observe that N(A)=n(n(A'')), so that the pessimistic utility can be 

expressed: 

C/<xAy) = max(p(y), min(N(A), p(x))) 

= min(p(x), max(N(A), |i(y))) (4.17) 

This form is easy to understand. If an agent is sure enough that A occurs 

(N(A)>p(x)), then the utility of the act xAy is p(x). If an agent has too little knowledge 

(max(N(A),N(A'^)) < p(y))) then cautiousness prevails. Thus, the utility is |i(x), which is 

the worst case. If the agent is at least somewhat certain that A'̂  occurs, the same happens. 

If the agent's certainty that A occurs is positive, but not extreme, the utility is equal to 

N(A) reflecting the certainty level. When the decision-maker has strong reasons to 

believe in A and he acts as if it occurs, 

U(xAy)=p(x), (4.18) 
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and if he does not, N(A)=0 and he considers that the worst outcomes y will occur. This is 

the pessimistic decision-maker. The expression of the necessity of a fiizzy event is a 

particular case of fuzzy integral in the sense of Sugeno (1974). Then N^(F) can be shown 

equal to 

N„(F) = supae(o,i] min(a, N;,(Fa)) (4.19) 

where Fa= {xeX, pF(x)>a }, which is a particular case of the Sugeno integral. 

The utility of the binary decision is the median of {p(x), N(A), p(y)}; thus, h 

contrasts with expected utility which is a mean. The optimistic utility of bmary acts can 

be formed: 

t/*(xAy) = max(min(n(A), ^(x), ^(y))). (4.20) 

Similarly, this form of the optimistic utility can be interpreted as the median of 

{p(x), n(A), p(y)}. However, the utility here is p(x) as soon as an agent believes that 

obtaining x is possible enough (n(A) >M.(x)). Dubois and Prade (1995) have 

axiomatically justified the pessimistic criterion in the style of the von Neumann and 

Morgenstem utility theory. 

4.14 Ouahtative Utility Theorv 

Von Neumann and Morgenstem (1944) introduced an expected utility theory that 

relies on the principle of decision-maker's behavior. According to theory, decision

maker's behavior in face of uncertainty is entirely determined by his/her preferences on 

the uncertainty distributions about the consequences of his/her actions. These 
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distributions are probability distributions and are called "lotteries." Moreover, 

preferences about lotteries should fulfill a set of axioms for rational decision-maker. Von 

Neumann and Morgenstem's expected utility approach provides a simple criterion to 

rank order the lotteries and, thus, actions. Since each lottery is associated with an action 

(of which associated distribution represents the uncertainty attached to its possible 

consequences), the action of a rational decision-maker's is an agreement with his/her 

preferences on the lotteries. 

Let X present a finite set of situations and the decision-makers are concerned with 

the consequence of the resuh of and the action in situation X. The set of consequences of 

a decision can be expressed in terms of preferences. This preference ordering reflects 

expected pay-off of the action, the benefit of being in a precise situation. In this case, 

preference relation should be extended from a precisely known situation for a given 

decision to incompletely described situations prevented with uncertainty. 

We use two qualitative scales U and V for assessing preferences and uncertainty. 

A belief state is supposed to be represented by a possibility distribution n from X to V, 

which is bounded and supV=l, infV=0. TI (x)eV estimates the plausibility level of being 

in situation x and possibility disfributions are normalized such that 3x, 7t(x)=l. It 

expresses that even though there may be several completely possible situations, at least 

one situation in X is completely possible. A possibility distribution involves a set of 

mutually exclusive altematives. These altematives can be ranked according to their 

levels of plausibihty to be the trae situation. Let x and y be two elements of X. The 

possibility distributions n are defined by 7r(x)= X, 7r(y)= [i with max(?i, p)=l. This will be 
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called qualitative binary lottery and will be denoted by (A./x, p/y), representing that we 

are either in situation x or y with the respective level of possibility \ and p. Hence, any 

possibility distribution n can be viewed as a multiple consequence lottery (X,i/xi,..., 

>tm/Xm) where X={xi,.. .,Xm} and î=7r(Xi). In addition, notation (X/TI i, X/TII) can be used 

with max(A,, p)=l. Thus, compound possibility distribution can be represented by 7t = 

max(min(7t i, X), min(7r2, p)) that can be viewed as a lottery over multiple consequence 

lotteries corresponding to % \ and 712, When possibility distributions are n \ and 712 

focusing on singletons, the lottery (X,/x, p/y) can be viewed as a particular case of it. The 

resulting possibility distribution % = max(min(7r 1, X), min(7i2, p)) can be easily interpreted 

as the qualitative counterpart of probabilistic mixtures X pi+(l- A,)p2 (Dubois and Prade, 

1990a). 

Let the preference relation between possibility distribution given by the decision

maker (possibihstic lotteries) be denoted by > which extends the preference ordering 

over X to normalized possibility distribution in V"̂ . A singleton {xo} corresponds to the 

possibility distribution. This singleton has a value of zero everywhere except in xo, 

7r(xo)=l. As a particular case of possibility distribution, a singleton will be either denoted 

by {xo} or more simply by XQ, since ordering is extended from X to V . The following 

axioms are supposed to be satisfied by >, where n- n' means both n>n' and n' > n. 

Axiom 1. The set of possibility distribution is equipped with a stincture (>,- ,>-) 

of complete preordering, where >, ~, >- are the weak preference, indifference and stiict 

preference, respectively. 
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Axiom 2. Certainty equivalence: If the belief state is the crisp set A^X, then 

there is xeA such that {x} ~ A. 

Axiom 3. Risk aversion: if TI < 71' =» TI >= TT' (the less informative is TC , the more 

risky is the situation, precision is safer) 

Axiom 4. Independence: if TC] ~ TI2 => {Xliii, |I/TC' ) ~ {Uiij, p/Ti') 

Axiom 5. Reduction of lotteries: 

{X/x, p / (a/x, p/y) ~ (max (X, min(p ,a))/x, min(p ,P)/y). 

max (X, min(p ,a)) 

Axiom 6. Continuity: if TC > TI' then 3 A, e V, TC' ~ (1/TI , X/X) (the utility of TI 

goes down if the uncertainty about TI raises) 

Some of these axioms are similar to von Neumann and Morgenstem's axiom. 

They use Axiom 1, or Axioms 4, 5 and 6, which are qualitative counterparts of their 

axioms. Axiom 2 refers to rejecting the notion of mean value, which is based on the idea 

that when a decision is made and put to work, then the state will be some xeA. Indeed, 
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the benefit of the decision will be the one in state x. Thus, the scope of such a decision 

theory is the next decision as with expected utility, and not an indeterminate sequence of 

decision. Axiom 3, a form of risk aversion, expresses an aversion for the lack of 

information while Axiom 4 is self-explanatory. The reduction of lotteries is due to the 

fact that the whole setting relies on a qualitative counterpart of the stmcture of 

probabilistic mixtures and is motivated by the particular form of mixtures in possibility 

theory. Axiom 6 expresses that it is possible to pass continuously from a given state of 

belief TI to total ignorance. This can be achieved by attaching a degree of uncertainty to TI 

and moving h from 0 (TI is sure) to one (total ignorance). By Axiom 2 and 3, since x>=A, 

VxeA and if XA~A then VxeA , X>XA. Thus, A is equivalent to the worst state in A 

indicating that the proposed decision theory is cautious. More specifically, with this 

simplified set of axioms, if the uncertainty on the state is represented by TC ,each decision 

induces on the set of consequences X, a possibility distribution such that TCd(x)= n(d"'(x)). 

Thus, ranking decisions can be ranking possibility distributions on X. Assume that the 

decision-maker supplies an ordering between possibility distributions on X. This 

ordering means that the decision-maker expresses his/her attitude in front of risk, that is, 

in front of various possibilities of happy and unhappy consequences in X. Since Tid(x) is 

the plausibility of getting x under decision d, this set of axioms on the ordering possibility 

distributions on X make it representable by the ranking of decisions according to 

pessimistic or optimistic criteria. 

Then, the following theorem was estabhshed by Dubois and Prade (1995, p.242). 
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Theorem: given a preference relation > on the normalized possibihty 

distributions on V^ verifying 1 to 6, there exists a fuzzy set F on X (an element of U^ for 

a totally ordered set U). Then, from the utility function u from V"̂  to U representing the 

preference ordering > such that each normalized possibility distribution TC, we have: 

U(TC) = miuxex max(n(Tc(x)), PF(X)). (4.21) 

Here, n is order reversing function from the possibility scale V to the preference 

scale U such that n(0) = 1 which denotes the top element of U and V, n(l) = 0, which 

denotes their bottom elements. Eq.(4.21) yields u(x) = PF(X). The qualitative utility 

introduced by 

u(7c) = miuxex max(n(Tc(x)), u(x)) (4.22) 

which is the necessity of a fuzzy event in the sense of possibility theory. Namely, u(x) = 

N„(F) where F is the fiizzy set of preferred situations PF(X) = u(x), VxeX. N„ is the 

necessity measure based on possibility distribution TC. When V=U=[0, 1], it can be easily 

verified that n(t) =1-1 in the above expression. Moreover, a degree of inclusion of the 

fuzzy set of more or less possible situations in the fuzzy set F of preferred outcomes can 

be viewed by N;t. It estimates the certainty that the belief state TC corresponds to tiie 

preferred situations described by F, which means that a commensurability assumption is 

made between the uncertainty scale and preference scale. The expression of U(TC) 

aggregates possibility degrees and utility degrees, namely, 

N„(F) = u(Ti) = 1 iff { xeX, Ti(x)>0} c { xeX, u(x) = 1}. (4.23) 
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The expression (4.25) means that the utility of TC is maximal if all the more or less 

possible situations encompassed by TC are among the most preferred ones, i.e., whatever 

the precise situation, its utility is maximized. 

N„(F) = U(TI) = 0 iff { xeX, TC(X) = 1} n { xeX, u(x) = 0} = 0 (4.24) 

The expression (4.24) means that the utility of TC is minimal if there is one of the 

most plausible sitiiations whose pay-off is minimum (risk-aversion of the approach). 

Therefore, we can easily interpret that N;:(F) = U(TC) is all the greater as there are no 

situations with a high plausibility and low utility value. When all the situations 

encompassed by the belief state that are equally possible, the utility U(TC) simplifies into 

U(TC) = miUxeA u(x) (4.25) 

where TC is the characteristic function of an ordinary subset A of X. This leads to 

decisions maximizing the minimal pay-off recognized by Wald's (1950) possible 

criterion. Generally, U(TI) takes all the situations that are not equally plausible in the set 

{ X e X, TI(X) > 0} into account. In the presence of possibihstic uncertainty, definitions 

of utility functions are proposed by several fuzzy set authors. Indeed, Whalen (1984) has 

introduced the possibihstic counterpart of Wald maximin criterion proposed here in terms 

of "disutility" function D(TI) = n'\u(Ti)) where u is given by equation (4.21). D(TI) takes 

the form of the degree of possibility of the fuzzy setF 

D(TI) = maxxex min(Ti(x), p- (x)) (4.26) 
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where p- - n"' »̂ ^̂  (the fuzzy complement of F when U = V = [0, 1]). The extension of 

the optimistic maximax criterion E(TC) of the form dual to equation(4.21) has been 

infroduced by Yager (1979): 

E(TI) = maXxeX min(Ti(x), PF(X)) (4.27) 

which is the degree of possibility oaf fiizzy set (Zadeh, 1978). Note that choosing an 

action which maximizes E(TI) rather than U(TI) can be overoptimistic because we always 

have U(TI) < E(TI). Indeed, U(TI) as well as E(TI) can take only the values 0 or 1 in the case 

where F is the crisp subset of the acceptable states of the worids, and TC represents an 

incomplete state of information coiresponding to an ordinary subset P of X. Thus, 

maximizing U(TC) is equivalent to selecting the actions such that their (possibly ill-known) 

consequences ensure that one stays in an acceptable state of the world because 

P ^ F<» U(TI) = 1. Maximizing E(TC) leads to select the larger set of actions such that 

P n F =)̂  0 , which includes actions that may have consequences which are unacceptable, 

if P n F =̂  0 . This leads to the assumption that the state of the world lies in P OF. 

However, U(TC) may take a value of zero for all the actions under consideration. In this 

case, E(TI) may be useful to make a choice, such that when all actions are equally risky it 

is better to select the one offering the best opportunity. It is worthwhile to point out that 

TI represents what is known about a given item and U(TI) (resp. E(TC)) estimates to what 

extent it is certain (resp. possible) that the item satisfies the requirement. 
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4.15 Expected Utility Theory 

The study of individual behavior under uncertainty and the mathematical study of 

probability and statistics have a common historical origin to explain games of chance in 

probability and the expected value framework. The study of simple games has been 

usually productive in mathematics and illuminating certain characteristics of human 

behavior that the games exhibit. For example, simple coin-flipping games originated in 

two statistical concepts: probability and expected value. Suppose that a lottery offers n 

prizes Xi, X2,.. .,Xn. The probabilities of winning these prizes are TCI, TC2,. .., Tin and only 

one prize will be awarded to a player such that: 

I^Ti, =1. (4.28) 
i=l 

To provide a measure of the average payoff in this lottery will be defined by 

expected value such that: 

E(X) = TIiXi + TI2X2 + TInXn = X TC.X̂  . (4.29) 
i=l 

The expected value of this lottery is basically a weighted sum of the prizes. The 

weights are the respective probabilities. The expected utility simply represents the prize 

that the player will win on the average, von Neumann and Morgenstem (1944) 

developed mathematical models for examining the economic behavior of individuals 

under uncertainty. They set out basic axioms of "rational" behavior to explain the 

hypothesis that individuals make choices in uncertain situations based on expected utility. 

They fiirther concluded that maximizing expected utility seemed to be a reasonable goal 

for players to pursue in uncertain sitiiations. Suppose that a lottery offers n possible 
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prizes Xi, X2,.. .,Xn and these have been arranged in order of ascending deshability such 

as Xi is the least preferred while Xn is the most preferred prize. Suppose fiirther that we 

assign arbitrary numbers to these two prizes: 

U(Xi) = 0 

U(Xn) = l. (4.30) 

According to the von Neumarm-Morgenstem theorem, using these two values of 

utility, a reasonable way exists to assign specific utility numbers to the other prizes 

available. Suppose that we choose any prize, say, Xi, and ask the individual to state the 

probability, say, TI; at which he or she would be indifferent between Xi with certainty, and 

a gamble offering prizes of Xn with probability Tii and Xiwith probability (1- TCi). The 

individual will always be indifferent between a gamble and a sure thing where a high 

enough probability of winning the best prize is offered in the gamble. 

The probability TCi represents how desirable the prize Xi is. The higher TI, is, the 

more desirable Xj is; the better Xi is, the better a chance of winning Xn must be offered 

to get an individual to gamble. In fact, the utility of Xi as the expected utility of the 

gamble that an individual considers equally desirable to Xi is defined by von Neumarm-

Morgenstem technique: 

U(XO = Tii .U(Xn) + (1- Tii).U(X,). Now we have 

U(Xi) = Tii -1+ (1- 7Ci).0 = TCi. (4-31) 

By choosing the utility numbers for the best and the worst prizes, we have been 

able to show that utility number attached to any other prize is simply the probability of 
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winning the top prize. Note that this choice of utility numbers is arbifrary. Any other 

two numbers could have been used to constract this utility scale. 

A "rational" individual will choose among gambles based on their expected 

utilities. Consider two gamble. The first gamble offers X2 with probability q and X3 with 

probability (1-q). The second one offers X5 with probability t and Xg with probability (1-

t). The individual will choose the first gamble if and only if the expected utility of the 

first gamble exceeds that of the second gamble. The individual will prefer the first 

gamble to the second one if and only if EUi > EU2 where 

EUi = q.U(X2) + (l-q).U(X3) 

EU2 = t.U(X5) + (l-t).U(X6). (4.32) 

The individual will presumably prefer the gamble with the higher probability of 

winning the best prize. In other words, individual will choose the gamble that provides 

the highest level of expected (von Neumann-Morgenstem) utility. We now summarize 

this result as follows: if individuals obey von Neumann-Morgenstem axioms of behavior 

in uncertain situations, they will act as if they choose that option which maximizes the 

expected value of their von Neumann-Morgenstem utility index. In addition, if we 

assume individuals exhibit a diminishing marginal utility of wealth, they will be risk 

averse. Risk-averse individuals will refuse to take bets that are actuarially fair. They will 

be willing to pay something to avoid taking fair bets. That is, they will wish to insure 

themselves completely against uncertain events if insurance premiums are actuarially 

fair. Intuitively, the willingness to pay to avoid taking risks would decline as wealth 

increases, since diminishing marginal utility would make potential losses less serious for 
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high-wealth individuals. However, such an intuitive answer is not necessarily correct 

because diminishing marginal utility also makes the gains from winning gambles less 

atfractive. So net result is indeterminate. The net result depends on the precise shape of 

the utility function. In the study of economic choices in risky situations, the most 

commonly used measure of risk aversion was initially developed by J. W. Pratt in 1960s 

such that 

( X U"((o) 
r(co) = - ^ . (4.33) 

4.16 The Theory of Hurricane Evacuation Behavior 

Suppose that after the decision at hand has been taken, the world could evolve in 

any of a number of different ways called different states of the world. These status are 

discrete and finite in number, indexed by i=\,2,.. .m. Their probabilities, p,, may be 

objective or subjective for the appropriate application being considered. These 

probabilities are non-negative and add to one. The economically relevant outcomes in 

the altemative situations can be represented by the levels of income, wealth, or profit 

acquiring to the decision-maker, which are denoted by Y,. In general, these probabilities 

could be vectors so that we can write objective function such as F(Yi, Y2,.. .,Ym; pi, 

P2,- • -jPm)- Under certain restrictions on the preferences, the objective function can be 

expressed in a special form. The mathematical expectations of the values of a utility 

function U of the outcomes in different states can be expressed as: 

m 

ZPiU(Yi). (4.34) 
i=l 
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This whole expression is called expected utility, while the function U is called the 

von Neumann-Morgenstem utility function. This formulation is very useful and it 

captures some economically interesting aspects of behavior such as risk-aversion. 

In most situations, the decision- maker may not be indifferent to the risk involved 

in getting one of a whole range of values of Y. Suppose there are just two states with 

distinct outcomes Yi and Y2. Also, positive probabilities are represented hyp and (1-p) 

respectively. A decision-maker who is risk averse will prefer the sure sum such that: 

U( pYi + (1-p) Y2) > pU(Yi)+ (l-p)U(Y2). (4.35) 

This expression says that u is (strictly) concave in the range [Yi, Y2] and strict 

concavity implies 

m m 

U(i:PiYi)> Sp.U(Yi). (4.36) 
i=l i=l 

If U is twice differentiable, ft corresponds to risk-aversion such that U"< 0. Let 

us assume that households have two altemative actions under the risk of a hurricane 

strike, such as evacuate to a safer place or stay at home. We can assume that individuals 

possess the utility function U considering health and wealth when they make evacuation 

decisions under uncertainty such that: 

U= U(H, ©) (4-37) 

where H is exogenous health status and co is wealth. If utility is additevely separable in 

health and wealth, the utility function can be corresponded to good and bad health for 

individuals: 
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U=U(H)+U(co). (4.38) 

Individuals enjoy good health in the absence of a hurricane by evacuation. Health 

status is uncertain even in the absence of a hurricane threat. We can determine 

individuals expected utility under two altemative actions given the risk of hurricane. If 

households perceived probability for good health is s and bad health is (1-s) when 

confronted with a potential hurricane, we can define expected utility of evacuation as 

EUE = U(co-c) + sU(Ho) +(1 -s)U(Hst), where (4.39) 

c: cost of evacuation 

Ho: good health status 

Hst: bad health status. 

On the other hand, expected utility can be represented by households' perceived 

probability of good health (p) and bad health (1-p) in the absence of hurricane as follows: 

EU = U((o) + pU(Ho) +(l-p)U(Hst). (4.40) 

It can be easily claimed that the probability of good health is higher in the absence 

of a hurricane threat, p > s. If we assume that the change in probability of good health 

with a hurricane threat is the hurricane health risk, r = (p-s), expected utility gain from 

avoiding hurricane threat by evacuation is namely: 

A E U = E U E - E U 

= U(co-c) + sU(Ho) +(l-s)U(Hst) - [U(co) + pU(Ho) +(l-p)U(Hst)] 

where A EU is the change in expected utility, 

AEU = U(ffl-c) - U((o) + (s-p)U(Ho) +[(l-s-l+p)U(Hst)]. 

After simplification. 
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A EU = U(co-c) - U((o) + (p-s)[U(Hst)-U(Ho)] (4.41) 

r = (p-s) can be defined as risk reduction. 

r[U(Hst)-U(Ho)] represents the increase in utility resulting from the change in the 

probability of health status 

U(co-c) - U(co) represents the decrease in utility resulting from evacuation costs. 

Therefore, it can be easily interpreted that if the increase in utility from the change of 

health status exceeds the decrease in utility from evacuation costs, the individual will 

evacuate such that as AEU increases, the probability of evacuation will increase. 

The cost of a hurricane may be represented by different factors such as 

transportation cost and time costs of evacuation. Basically, individuals may drive to 

shelters, motels or hotels, or to the houses of friends and family. Thus, the fransportation 

cost, gas and oil and the entire cost of driving, may include food, lodging, and other 

miscellaneous expenses. We can easily determine that lodging costs are a function of an 

individual's wealth. Therefore, we can define evacuation costs as a function of fraveling 

distance (d) and wealth(a)) 

c = c(d, w) where Cd > 0 and 1 > ĉo > 0. (4.42) 

This function captures both direct and indirect evacuation costs. Transportation costs are 

increasing in distance, while time costs are increasing in wealth and distance. 

Meanwhile, risk reduction depends on storm intensity or category of hurricane and 

location (e.g., a beach house), which represent how close the individual is to where storm 

will hit. 
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Risk represented by the equation r = r(s,l), where storm intensity is represented by 

s and location is represented by 1 such that r,, > 0, n > 0. Therefore, the change m 

expected utility will be a function of wealth, travel distance, category of hurricane, and 

location. 

A EU = U(co-c(d, ©)) - U(co) + r(s, 1) [U(Hst)-U(Ho)] (4.43) 

Comparative static analysis will provide determinations of the effects of 

exogenous variables on evacuation behavior. The effect of travel distance on the change 

in expected utility will be 

A EUd = UcCd < 0, where Uc. (4.44) 

This analysis indicates that the probability of evacuation is expected to decrease 

with the travel distance. As explained in previous chapters, households may go to a 

shelter due to their income or wealth constraints. The effect of storm intensity and 

location on the change in expected utility is expected to be positive. As storm intensity 

increases, hurricane risk and evacuation probability increases, 

A EUs = rs [U(Hst)-U(Ho)] > 0 (4.45) 

As an individual's location gets closer to where a storm will hit, hurricane risk 

and evacuation probability are expected to increase. 

A EU, = r, [U(Hst)-U(Ho)] > 0 (4.46) 

The effect of wealth on evacuation behavior will be 

A EUco = (Uc* - U„) - Uco* Co,, where Uo,* = U(co-c). (4.47) 

The effect of wealth on the change of utility is either positive or negative because 

this derivative can only be signed under special cases. If the effect of wealth on 
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evacuation cost is zero, Co,= 0, then the wealth effect on the change in utility is poshive if 

the marginal utility of wealth is diminishing over the range of evacuation cost 

(U„ - Uco > 0). This implies that households with higher wealth will be more likely to 

evacuate. If the marginal utility of wealth is constant over the range of evacuation cost, 

Uco = Uco, the effect of wealth on evacuation will be negative, Uco* Co)< 0, if and only if 

the effect of wealth on evacuation cost is positive, Cco > 0. This implies that households 

with higher opportunity costs will be less likely to evacuate. 

However, if utihties are not measurable on a cardinal scale, they carmot 

meaningfully be multiplied by probabilities (Yager, 1979). Hence, there is no advantage 

to the often difficult and controversial task of assigning numeric probabilities. Instead, 

we can assign possibilities of each state of the world in a given state of information by its 

membership in the fuzzy set of possible states of the world. 

4.17 Tree Diagrams 

A tree diagram is a very useful device to list all possibilities of a sequence of 

events in a systematic way and can be used to find all possible outcomes of a probability 

experiment. With the use of a tree diagram, the sample space can also be determined 

when the events are independent or dependent. Let us give very simple example to 

illustrate the notion of a tree diagram for both probability and possibility cases. 
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Assume that a reward set is defined as R ={ri, 12,..., r™}. A lottery A. is a 

probability 

^ = P(ri) i = l,...,m 

(i) h>Q 

(ii) 2 : ^ i = i -

Assume further that we have probabilities for an experiment to flip a coin, and the 

tree is designed as follows: 

ri r2 ri r2 

Figure 4.1 Probability Tree 

Probability of each award set can be calculated by multiplying the probabilities 

for each branch and adding them such that: 

V 1 1 1 1 5 
P(choose ri)= —x--i- — x — = — 

^ 2 3 2 2 12 

^ 1 2 1 1 7 
P(choose r2)= —x — + — x — = — 

^ 2 3 2 2 12 

Note that the sum of aU final probabilities will always be equal to 1. 
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A possibihstic lottery X is a possibility distribution X,,,...,X^̂  

(i) ?̂ i > 0 

(ii) max A,i = 1. 

Assume that possibilities to the paths are assigned as follows: 

ri r2 ri r2 

Figure 4.2 Possibility Tree 

Possibilities of each award set can be calculated as the maximum of the minimum 

possibihties of each branch such that: 

1 1 
Possibility(ri) = max[min(- ,-) , min(l, 1)] = 1 

Possibility(r2) = max[min(-,l), min(l,--)] = -
L H z 

Here, maximum amount possibility assigned for each branch equals to 1, which 

expresses that at least one situation is completely possible. 
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4.17 An Application of Decision Tree Analysis to a Hurricane Evacuation 

A rational decision-maker's behavior in face of uncertainty during a hurricane 

threat is totally determined by his/her preferences on the uncertainty distributions about 

the consequences of his/her actions. Therefore, tree diagrams are used to list all the set of 

consequences of a decision that a decision-maker is concerned. The set of consequences 

of a hurricane evacuation decision is obtained by varying the state of the evacuation. 

These states used in evacuation decision analysis are determined according to altematives 

that evacuees face during an evacuation. 

Evacuees first decide to leave area at risk right after the early ordered evacuation 

or wait in order to prepare and also avoid unnecessary evacuation. In the analysis, three 

altematives are examined as final destination for evacuees such that staying at hotels, 

with fiiends and other. Evacuees who avoid early evacuation will watch the storm 

closely. If the storm maintains the frack, evacuees have to either comply with the 

authority to evacuate or wait for the late evacuation. Evacuees considering late 

evacuation will face a time constraint to reach a safe area. If they have enough time to 

reach a safe area, they do not experience a life threat or flood risk. Some of the evacuees 

who do not have enough time may still reach a safe area, while others who are in transit 

may face a life threat, flood risk and inconvenience. Evacuees who do not consider the 

late evacuation will have three options such that staying at home, public shelter, and in-

residence shelter and they may face a life threat, flood risk and inconvenience. 

In the decision free analysis, health, wealth, and inconvenience lottery states are 

assigned for each possible ahemative of a hurricane decision. Furthermore, the degrees 
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of status such as high, medium, and low are attached to each lottery state assuming that 

evacuees have high level of each status before a hurricane threat. For instance, state A 

corresponding early evacuation and staying at a hotel indicates that evacuee's health and 

inconvenience level may not change while transportation and lodging costs changes 

wealth status from high to medium. In the following, two decision trees are assigned to 

capture probabilistic and possibihstic decision-making analysis for a hurricane 

evacuation and both are assumed to have the same decision altematives and their 

consequences. Probabilities assigned on each path are based on approximate 

probabilities of each action taken during a hurricane evacuation that are indicated by 

surveys discussed in Chapter E. Possibilities assigned on each path are based on 

heuristic approach. However, probabilities and possibilities of each action taken will be 

different for every household according to their risk assessments and the severity of the 

storm. 

Since each state has three elements (Health, Wealth, Convenience) with three 

possible degrees of status (High, Medium, Low) the reward set, which is a collection of 

possible states, has a total of 27 possible states. 

R = {HHH, HHM, HHL,..., LLL} 

= {r i , r2 , . . . , r27} 

For example, HHH indicates high status of health, wealth, and convenience while 

LLL indicates low status of health, wealth, and convenience. The available actions on 

the decision tree during a hurricane evacuation is the set of actions such that: 

A = {Al, A2,..., Am}. 
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Each action Ai induces a probability distribution P' on R, or a possibihty 

distribution X' on R. 

In the case of probability measure; 

Pj = P(r^.occures/A, is chosen) subject to 

j 

2. 0 < p; < 1 

In the case of possibility distribution A,., 

X'j = Possibility(r^.occures/A; is chosenjsubject to 

1. 0<?i ' . <1 
7 

2. maxA.^= 1 
J 

Thus, the probabilistic lottery associated with A,, can be illustrated as 

(P/ /rj, . . . , P̂  /r^ j , whereas the possibihstic lottery associated with the action A,, can be 

represented by (X\/r^,..., A,|,/r„ . 

Hence, the outcome for each decision tree is the probabilistic lottery or 

possibihstic lottery associated with all the actions taken during the evacuation, i.e., the 

sum of each action associated with that particular reward state. 

Let S be the path on the decision tree, 

R= reward set and 
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s,. = subset of 5, thus 

Probability (r j-) = X 1 1 (Probability along the path) 

Possibility (r .) = max (minimum along the path) 
^ s,eS 

For example, based on the probabilistic decision tree for hurricane evacuation, the 

probability of getting HMH (high health; medium wealth; high convenience) is 0.2958 

while probability of getting LML is 0.0161, et al. 

In the case of possibility of getting HMH is 0.40, and possibihty of getting LML 

is 0.20 (Table 4.2). 

4.18 Concluding Remarks 

Probabihty theory has been used as the traditional approach for modeling 

uncertainty. However, limitations of probability theory as a satisfactory descriptive 

model of uncertain knowledge have been discussed for a long time (Dubois and Prade, 

1988). Therefore, I illusfrated a new paradigm, possibility theory, to model uncertainty 

due to a hurricane threat. I also provided the theory of hurricane evacuation behavior 

under probability theory and a qualitative decision theory to describe the attittide of a 

"rational" decision-maker in the face of uncertainty. According to these theories, I 

designed decision trees to examine hurricane evacuation behavior for households. 
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Table 4.1 Lottery States 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

STATE 

A 

B 

C 

D 

E 

F 

G 

H 

I 

J 

K 

L 

M 

N 

0 

P 

Q 

R 

S 

T 

U 

V 

w 
X 

HEALTH 

High 

High 

High 

High 

High 

High 

High 

High 

High 

High 

High 

High 

Medium 

Low 

Medium 

Medium 

Low 

Medium 

High 

Medium 

High 

Medium 

Medium 

High 

WEALTH 

Medium 

Medium 

Medium 

High 

High 

Medium 

Medium 

Medium 

Low 

Medium 

Medium 

Medium 

Medium 

Medium 

Medium 

Medium 

Medium 

High 

High 

High 

High 

High 

High 

High 

CONVENIENCE 

High 

High 

Medium 

High 

Medium 

Medium 

Medium 

Medium 

Medium 

Medium 

Medium 

Medium 

Low 

Low 

Low 

Low 

Low 

Low 

Medium 

Low 

Medium 

Low 

Low 

Low 
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Table 4.2 Probabilities and Possibihties Associated with Lottery States 

HEALTH 

H 
H 
H 
H 
H 
H 
H 
H 
H 
M 
M 
M 
M 
M 
M 
M 
M 
M 
L 
L 
L 
L 
L 
L 
L 
L 
L 

WEALTH 

H 
H 
H 
M 
M 
M 
L 
L 
L 
H 
H 
H 
M 
M 
M 
L 
L 
L 
H 
H 
H 
M 
M 
M 
L 
L 
L 

CONVENIENCE 

H 
M 
L 
H 
M 
L 
H 
M 
L 
H 
M 
L 
H 
M 
L 
H 
M 
L 
H 
M 
L 
H 
M 
L 
H 
M 
L 

PROBABILITY 

0.1980 
0.1056 
0.0035 
0.2958 
0.2271 

0 
0 

0.0437 
0 
0 
0 

0.0270 
0 
0 

0.0832 
0 
0 
0 
0 
0 
0 
0 
0 

0.0161 
0 
0 
0 

POSSIBILITY 

0.30 
0.20 
0.05 
0.40 
1.00 

0 
0 

0.30 
0 
0 
0 

0.40 
0 
0 

0.40 
0 
0 
0 
0 
0 
0 
0 
0 

0.20 
00 
0 
0 

My examination of the hurricane evacuation behavior is based on probabilistic 

and possibihstic lotteries approach. When the probabilities are specified for the 

outcomes, the optimal decision can be deteraiined under the theory of von Neumann and 
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Morgenstem. However, in most real world cases these probabilities are neither defined 

nor attainable. Under these circumstances, possibility theory can be used as an 

ahemative to analyze evacuation decision-making analysis. Therefore, 1 developed and 

compared both probabilistic and possibihstic tree analysis to capture real-world 

evacuation decision environment. 

These two decision tree analysis offer a set of altemative actions that may be 

taken by individuals and the decision paths that individuals follow during a hurricane 

threat. Since humans do not think naturally in probabilistic terms, possibihstic and 

linguistic based approaches tend to reason the notions of hurricane evacuation behavior 

more user friendly and appealing. However, possibihstic decision theory is way too 

young in the literature. Although consistency of the theorem is not easy to determine, I 

believe that this theory introduces an innovative approach to deal with uncertainty due to 

hurricane threat. 
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CHAPTER V 

UNIFIED FRAMEWORK OF FUZZY SET AND POSSBILITY THEORY 

5.1 Introduction 

In this chapter, the interest of fuzzy sets and possibility theory in the context of 

hurricane evacuation decision is examined under uncertainty and preference. It is shown 

that possibility theory can model preference as well as uncertainty. The consideration of 

both fuzzy sets and possibility theory provides a simple mathematical model for 

evacuation decision under flexible temporal constraints and durations. 

Let us briefly explain the concept of fuzzy sets and possibility distribution in the 

notion of the set operation. Let A and B represent two fuzzy sets defined in the universe 

X, then intersection, union, complement, and difference are applicable to fuzzy sets 

according to the following defimtions: 

Vx e X PAnB (x) = min[pA (x), PB C )̂] 

V x e X PAwB(x) = max[pA(x),PB(x)] 

V x e X P - ( X ) - 1 - P A ( X ) 

V x e X P A - B ( x ) = ^ A n B W = " ^ ^ ^ t l l A W ' l - l ^ B W ] - ( ^ - l ) 

The concept of possibility distribution in a universe X concerns apphcation TI of 

X to [0, 1], which is interpreted as a restriction (by fuzzy set F) of the possible values of a 

variable taking its values in X. The equation Ti(a) = Pp(a) denotes that the degree of 
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possibility that the effective value of x should be is given bypp(a). Figure 5.1 illustrates 

an example of possibility distribution. 

1.0 

0.0 

Possibihty distribution representing John's age 

20 45 

Figure 5.1 Possibihty Distribution 

A measure of possibility, which is an apphcation H of the power set of X (2") in 

[0, 1] can be built from a normalized possibility distribution [ 3Xo e X such that 

Ti(Xo) = l ] : 

VA e l"" n(A)=sup,^^[Ti(x)] where (5.2) 

n ( 0 ) = 0 

n(X) = 1 

VA,Be2% n ( A u B ) = max[n(A),n(B)]. (5.3) 

This last axiom is the fundamental difference between probabilities and 

possibilities, in particular it allows us to deduce 

VA e 2" max[n(A), n ( A)] = 1. (5.4) 
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This implies that from two opposite events at least one is totally possible. In 

probability theory, one passes from knowledge of P(A) to that of P( A) or vice versa, 

[P(A) =1 P( A)]. However, here the knowledge of n(A) says nothing about n ( A). 

Therefore, a measure of necessity N using TL can be defined as: 

VAe2 ' ' N ( A ) = l - n ( A ) . (5.5) 

This implies that the necessity (certainty) of an event corresponds to the impossibility of 

the opposite event. From (5.3) and (5.5), we can deduce that: 

VA, B e 2 \ N(AnB) = min[N(A), N(B)]. (5.6) 

In addition, if A and B are noninteractive, we can further deduce that: 

n(A n B) = min[n(A), n(B)] (5.7) 

N(A u B) = max[N(A),N(B)]. (5.8) 

On the other hand, in the case of fuzzy event A, formulas (5.2) and (5.5) can be 

extended as follows: 

V A e 2 (set of fuzzy parts of X), 

n(A)=sup, ,J<x) ,pA(x)] (5.9) 

V A e 2 \ N(A)= inf,,x[l-Ti(x),p^(x)]. (5.10) 

Formula (5.9) evaluates how the possibility distributionTI(X)possibly satisfies the 

vague condition represented by the fuzzy set A. Similariy, formula (5.10) indicates to 

what extent x certainly satisfies the vague condition represented by the fuzzy set A. 
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If John's age and fuzzy predicate "middle-aged" are represented according to 

Figure 5.2, the result of matching "John's age = middle-aged" will be based on 

calculations of degrees of possibility and necessity values such that: 

min(Tij„,„, ,g, (u), middle - aged(u)) and max(l - TIJ„^, ^̂^ (u), middle - aged(u)), 

which are given in Figures 5.3 and 5.4, respectively. 

In general, the degree of possibility is 1 if the cores of the fuzzy set representing 

John's age and criterion F (middle-aged) have an intersection that is not empty. This is 

the case in Figure 5.3. If the support of the fuzzy set representing John's age is included 

in the core of the criterion, the degree of necessity is 1. If the support of the criterion is 

included in the core of the John's age, the necessity degree is 0. It is between 0 and 1 if 

the support of the John's age and complementary of criterion have a common part as in 

Figure 5.4. In this case, the certainty degree is 0.2. 

F (middle-aged) John's age 

Figure 5.2 A Matching Example for Representations of John's Age and 
"Middle-Aged" 

146 



nf=l) Jolin's age 

20 45 Age 

Figure 5.3 min(Ti (u),pp(u)) 

1.0 

0.2 
0.0 

Age 

Figure 5.4 max(l-Tt^gJu),Pp(u)) 

In the above example, we have considered the case where the condition is 

"attribute = value"; thus, in the case of incomplete information, it is possible to compute 

the set of items which more or less possibly satisfy the elementary condition. It is also 

possible to distinguish among them the items, which more or less certainly satisfy this 

condition. 
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5.2 Preference versus Uncertainty in Fuzzy Sets 

Dubois, Fargier and Prade (1995) proposed a constraint-based approach to job-

shop scheduling, which accounts for the fiexibility of temporal consfraints and 

uncertainty of operation duration. The set of solutions to a problem viewed as a fiizzy set 

whose membership function reflects preference while uncertainty is qualitatively 

described in terms of possibihty distributions. Moreover, a simple mathematical model 

of job-shop scheduling under preference and uncertainty was formulated, relating it to a 

formal framework of constraint-satisfaction problems in artificial intelligence. This 

formulation was extended to flexible durations (which are under control), as well as 

uncertain durations (when some parameter are beyond control) whose value can only be 

fuzzily estimated. Belman and Zadeh (1970) have put forward the suggestion that a 

fuzzy set may be a natural model of a soft constraint. Namely, an optical solution to a 

fuzzy constrained problem was suggested as its membership grade to the intersection of 

the fuzzy sets modeling the constraints is maximal, maximizing the degree of satisfaction 

of the least satisfied constraint. 

5.3 The Fuzzily Constrained Scheduling Problem 

Scheduling problems can be viewed as fuzzy constraint satisfaction problems 

because release and due dates of jobs are often subject to preference. For instance, job j 

should preferably be completed before the due date d"*̂ , or as soon as possible after this 

due date and must absolutely be completed at the latest completion date d •"''. Similarly, 

it is better to start job j after its preferred release date r™" whenever raw material is 
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available. However, it is impossible to start it before the earliest acceptable release date 

r]"̂  because the raw material will not be ready. These requirements associated with job j 

are no longer crisp but can be modeled by means of fuzzy number. As shown in Figure 

5.5, the requirements about the release date and due date can be modeled by R(j) and D(i) 

with the membership function p^^, and Pp^,, respectively. The membership function of 

release date is increasing from r]"̂  to rj^" such that PR(J) (r]'"^) = 0 and PR© (rf") = 1. 

Similarly, the membership function of due date is decreasing whendj goes from 

d f todfP such that PD Ĵ) ( d f ) = 1 and PD® (dj"') = 0- Therefore, the temporal window 

in which the job must take place is the fuzzy interval [RG), D(j)], indicated by a dashed 

line in Figure 5.5. 

1.0 - [RG),DC)] 

inf „sup l i n f ^sup 

Figure 5.5 Fuzzy Time Representations for Job j . 

In order to model such ftizzily bounded intervals, we should recall some resuhs 

from possibility theory. Consider a parameter x whose values are restricted by a fiizzy 
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set A where TIX is its possibility distribution with the membership fiinction PA. The 

possibility of the event 'xeP' is denoted as: 

n (xeP) = supu min(pA(u), pp(u)). (5.11) 

This equation estimates to what extent 'xeP' is possibly trae or consistent with 

the information 'xeA' that is modeled by TIX= PA- ft is worthwhile to emphasize that P 

can be a fuzzy set as well in Equation (5.11). 

The dual measure of necessity of 'xeP' denoted N(xeP) evaluates to what extent 

A is included in the core of P that is the set c(P) ={u, pp(u)=l}. In other words, necessity 

measures to what extent *xeP' is certainly tme, i.e., is entailed by 'xeA': 

N(xeP) = infu max(l-pA(u), pp(u)) 

= l - n ( x e P ) (5.12) 

where P is the fuzzy complement of P and Pp = 1- p - . Indeed, N(xeP)=l if and only if 

the support of A, namely subset {u, PA(U) > 0}, is included in c(P). 

A solution to a crisp scheduling problem with precise durations is typically an 

assignment (si,.. .,Sn) of starting times of aU the operations, and it must satisfy precedence 

constraints, capacity constraints, and release and due date constraints. Since release and 

due dates are flexible while capacity and precedence constraints are crisp, an assignment 

satisfying precedence and capacity consfraints satisfies the fuzzy scheduling problem 
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insofar as it satisfies the least satisfied temporal consfraints. The global satisfaction thus 

depends on choosing starting time and can be defined as: 

Sat = 0 if a capacity or a precedence constraint is violated in the processmg 

= minj,j(minp[Ryj^^^(Sj),p,_^P^.),(ej)) otherwise (5.13) 

where sG) and eG) represents starting and ending dates of job j , respectively. The ending 

dates depend in a non-trivial way on the starting times of the jobs. Sat represents the 

minimal fraction of flexibility ranges ( d f - d'"') and (rf^ - r f ' ) which are left between 

the completion times eG) and starting times sG) of the jobs and then acceptable earhest 

release and latest completion times. The best schedules are those that minimize the 

tardiness and earliness of the jobs if all flexibility ranges are taken equal. Here, 

satisfaction degrees are not associated with cost and carmot be interpreted in terms of 

costs, but in terms of safety ranges. If the operation duration is precisely known as ti. 

Equation (5.13) can be expressed as: 

Sat(si,..., Sn) = 0 if (si,..., Sn) violates a capacity or a precedence constraint 

= min(mini^,„ P[R(i),+«,)(Si),minî ,„p,_„D(i),(Si +1;)), 

otherwise. (5.14) 

The solution in the fuzzily constrained job-shop scheduling problem is in fact an 

optimization problem for which the best solutions are those requesting the least relaxation 

of release and due dates. Solutions violating any earliest release dates or latest 

completion dates are not acceptable (Sat=0). However, solutions satisfying preferred 

release and due dates, if they exist, are the best (Sat=l). The satisfaction degree of the 

best solution evaluates to what extent there is a solution satisfying all the constraints, but 
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no assigmnents can perfectly satisfy all the constraints. Since the lack of compensation 

between levels of satisfaction of constraints is due to the nature of the problem, no 

consfraint should be completely violated by solutions that are accepted as not completely 

unfeasible. 

[R(i),D(i)et,] 

Figure 5.6 Possible Values for Starting Time Si Given Temporal Constraints on 
Operation i. 

Source: Excerpted from Dubois, D., Fargier, H., Prade, H., "Fuzzy Constraints in 
Job-shop Scheduling," 1995. 

5.4 Controllable Durations 

Controllable durations are subject to preferences. For instance, timing the speed 

of a machine-tools affect the machining time. More generally, ideal values of the tuning 

parameters exist for a given operation to be optimally performed. The shorter the 

duration, the better it is for the sake of meeting schedules constraints. The possible 

durations of operation Oi can be described by ti for each operation with a minimal 

duration t'"̂  and a preferred duration tj"". The decision variable whose allowed values are 
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restricted by the flexible constraint tieT(i) must be taken into account when computing 

the satisfaction degree of an assignment (si,..., Sn, ti,..., tn): 

Sat(si,..., Sn, ti,..., tn) = 0 if a capacity or a precedence constraint is violated 

= min,^,,, niin(p,,i)(t.),P[R,ij,,„j(sO,P(_^,D0](s. +ti)), 

otherwise. 1-5 i^\ 

5.5 Imprecise Durations 

Dubois, Fargier, and Prade (1995) investigated fuzzy durations due to possible 

perturbations. Fuzzy durations can be understood as ill-known parameters and 

represented by possibility distributions. Indeed, possibility distributions can be viewed as 

modeling uncertainty as well as preference because everything depends upon whether the 

variable x attached to the possibility distribution TIX is controllable or not. If x is 

controllable, TIX is a preference profile describing the preferred values of x while TIX 

models one agent's uncertainty about the value x will eventually take when x is 

controllable. The duration of some operations may be subjected to hazards; thus, the 

knowledge about the durations is imprecise and partially unpredictable. The usual model 

of ill-known durations is stochastic because it can be perfectly justified if statistical data 

is available about this duration. However, statistical data is out of reach in many cases 

and also the assumption of identically repeated operations is dubious. On the other hand, 

some information about what duration is more plausible than another, qualitative 

information about uncertain parameters, is often available. Therefore, this kind of 
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qualitative information can be modeled by means of possibility distributions and viewed 

as nested confidence intervals with varying plausibility levels. 

The possibility distribution TÎ , describing the more or less possible values for the 

duration ti of task Oi corresponds to a trapezoidal fiizzy number T(i). Figure 5.7 

illustrates T(i) by the 4-tuple (t^ < tf < t̂  < tf) such that: 

n ( t , = x)= 7i,.(x)=pp(.)(x). (5.16) 

i 

1.0 

0 0 

k 

T ( i ) / 

/ \ 

Ve(i) 
/ • X 

: l^[e(i),+«) 

— > 
t^ = er tf = 9! 

Figure 5.7 From ]T(i), +oo) to [G(i),+oo) 

sup S j - S i 

hi this figure, 9̂  is defined by 9™ = supcore[T(i)] = t̂  and 9^^ = tf, 

lie(i)(ti) = 1 - liT(i) (ti) for t- < ti < tf and then p^,,,, ̂ „) = Pp(,) .^^. 

In this case, the most robust schedules are those such that all the consfraints are 

satisfied given the imprecision over the durations and the flexibility of other temporal 

constraints. 

154 



Let us investigate the satisfaction of a due date constraint. Assume that the 

starting time Si and the trae duration of Oi is not known exactly. Thus, the possible 

values of hs ending time Si + ti can be described by a possibihty distribution ]x,.^j-^^, 

© denoting the addition of fuzzy quantities. This implies that there is a possible value 

for the due date di, whose values are restricted by D(i), greater than all possible values of 

Si + ti. At this point, it is useful to recall calculus of fuzzy intervals and the sum© and the 

difference © of two fuzzy intervals. Such calculation discussed in Dubois and Prade 

(1980, 1988). 

Let A and B be two fuzzy intervals. Then the sum A© B and difference A© B of 

two fuzzy intervals can be defined by 

l̂ AeB(z) = suPx,y:,=x+ymin(pA(x),pB(y)) 

= sup^min(pA(x),PB(z-x)) (5.17) 

PAeB(z) = sup,y3.,_ymin(p^(x),pB(y)) 

= supymin(pA(z + y),PB(y)) (5-18) 

Sup-min convolutions in these equations have different meanings according to 

whether the fuzzy variables underlying A and B are controllable or not. If controllable, 

the membership functions represent preference profiles. Thus, P^^B(Z) represents the 

optimal preference level that can be attained for the assignment of values x and y. 
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respecting the preference profiles A and B and the constraint z = x + y. This optimum is 

egahtarist type since p^(x) = pB(y) = P^^B(Z) . On the other hand, if A and B represent 

more or less plausible values of ill-known parameters, PA®B(Z) is the level of plausibility 

that the sum x + y will take the value z. This calculation presupposes that x and y are 

non-interactive, so that assuming a value of x should not a priori induce any 

supplementary restriction of value y, and conversely. 

The satisfaction degree of due dates, precedence, and capacity constraints are 

necessity degrees that are motivated by the attempt to get a robust feasibility of die 

schedule, facing hazardous events, when fuzzy durations represent imprecise knowledge 

about the non-controllable duration of a task. This is in total contrast with the case when 

ti is a controllable decision variable. Therefore, the satisfaction degrees of due dates, 

precedence, and capacity constraints are possibility degrees because it is always possible 

to choose the best values of durations that exist satisfying the constraints in the best 

possible way. Hence, the feasibility is expressed in terms of possibility only. 

5.6 Uncertainty versus Preference 

Consider a very simple example of scheduling in order to better figure out the 

drastic difference between a fuzzy set modeling preference and a fuzzy set modeling 

uncertainty (Dubois, Fargier, and Prade, 1995, p. 225). 

Suppose Tom wants to attend a meeting in the moming and he needs to know 

when to get up to arrive on time. He has to take the bus that takes about one hour. 

Because he does not want to leave home too early, say before 7:00 am, and in any case 
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not any earlier than 6:30 am, since the later he leaves, the better it is. Tom has confrol on 

departure time, and he can express preferences on his decision variable by means of a 

linear fuzzy interval R with a non-decreasing membership function. Tom has no control 

over travel time because it depends on waiting time (not more than 15 min) and traffic 

situation, which never causes more than a 15 minute delay. His experience suggests that 

usual travel time, including the wait at the bus stop, is one hour. If Tom is lucky (no 

wait, no traffic jam), the trip can take only 45 minutes. On the other hand, if he is 

unlucky, it can take 1 hour and 15 minutes. This information builds up a triangular fuzzy 

number T that models uncertainty about the travel time. However, the membership 

function of T does not reflect preferences. Tom has preference on arrival time. He 

would like to arrive at 8:00 am or before, but certainly not after 8:15 am. This 

information builds up the fuzzy arrival time D. The question comes down for Tom to 

choose his actual starting time. 

Treating all these pieces of information in a symmetric way, without separating 

uncertainty and preferences, Tom wants to find a starting time s (seR) that does not force 

him to get up too early such that whatever the travel time t (teT) he arrives on time at the 

meeting (s+teD). Since 3s such that: seR and Vt, if teT then s+teD. When R, T, D are 

fuzzy sets the decision of a departure time is obtained by finding s that maximizes: 

min[pR(s), inftmax(l- pT(t), PD(s+t))]. (5-19) 

The maximization and minimization are multiple valued counterparts of universal 

(V) and existential (3) quantifiers, respectively. Thus, max(l-a, b) is a multiple value 
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implication. The term 'inftmax(l- pT(t), pD(s+t))' is equal to the degree of necessity of 

the fiizzy event of choosing s as a starting time decision when t is uncertain information. 

Application of possibility theory provides a systematic handling of uncertainty along with 

preference. If Tom had control over his travel time, the problem would be quiet different 

because the fravel time t becomes controllable. Then, T represents Tom's preferences 

and the problem come down to finding both s and t which maximize preferences of the 

starting time, driving time, and arrival hour such that: 

maxs,t min[pR(s), pT(t), pD(s+t)] (5.20) 

This is a quite different problem from the case when t is uncertain because by 

letting s=7 and t=l is trivially solved the problem if the degree of preference is 1. 

However, this is not a sound solution to the problem because in many cases the travel 

will take more than one hour and Tom will arrive late to the meeting. 

5.7 Flexible and Imprecise Durations 

When durations are decision parameters subject to fiexible constraints, a 

scheduling problem with uncertain durations can be formally expressed by the same kind 

of constraints as a problem involving flexible durations. However, interpretation is quiet 

different. In the case of flexible durations, the specification of preferences determines 

fuzzy duration labels and these labels represent the possible values that can be assigned to 

the t/ (Figure 5.7). In the case of an imprecisely known duration, these labels come from 

the uncertainty about the real value of some duration that is necessarily greater than the 

estimated duration of an operation, hi the case of flexible durations, only the increasing 
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part of T(0 is used because it is interesting only to shorten this duration in order to make 

the scheduling problem more feasible. In the case of uncertain durations, only the 

decreasing part of T(0 is used, under the form 9(0, because the decision-maker has to be 

pessimistic about the value of t,-in order to protect the schedule against hazards. In the 

following example, the fuzzy duration the T(0 that represents a flexible duration is 

replaced by 6(0 considering that imprecise duration can be handled. Let us solve the 

mixed uncertainty preference in the previous section. The fuzzy travel time T is changed 

into 9. Lower model value 9'"'= 1.25 and lower support 9'"*'= 1. 

supsmin[pR(s), inftmax(l- pT(t), PD(s+t))] = sups,tmin[pR(s), pe(t), PD(s+t))] 

= sups min[pR(s), poee (s)]. (5.21) 

Using fuzzy arithmetic, D © 9 has a linear increasing membership function. It 

has upper model value (in hours) 8 - 1.25 = 6.75 and upper support limit 8.25 1 = 7.25. 

Thus, optimum preference level can be easily determined as a matter of 

intersecting two straight lines, s as shown in Figure 5.8. According to this level, (0.75), 

the optimal time for Tom to start safely enough can be calculated as follows: 

6.875 = p"^(0.75) (= 6:52'30" a.m.). 

This result presupposes that fravel time does not exceed 

1.1875-p9'\0.75) (= lh l l ' 20") . 

This is very likely, and Tom will arrive at his meeting 

8.0625 = P D ' \ 0 . 7 5 ) (= 8:03'45" a.m.) 

159 



under these conditions granted. This solution sounds quite reasonable in practice when 

all fuzzy sets mean preference. 

[R(0,D(z)©TO)] 

6.5 7.0 7.25 
s*= 6.875 

6.75 

.00 8.25 Time 

Figure 5.8 Consistency Degree of Oi's Temporal Window. 

Assume that Tom has preferences between taking the subway or his car. Under 

the assumption of normalization max[pT(subway), pT(car)] = 1, where pT(subway) and 

PT(car) being respectively the level of acceptability of each transportation system. 

Besides, there is some uncertainty about the duration of the tiip between his home and the 

meeting. If he takes the subway, he may have to wait for it at that time of the day. On 

the other hand, if he takes his car, there may be a traffic jam. Let Ti(z,t) represent the 

possibility with duration z when the chosen transportation mode is t. Then the solution to 

this problem comes down to finding s (choice of departure time) and t (the type of 

fransportation) that maximizes the multiple criteria evaluation: 

min[pT(t), PR(S), infzmax(l- Ti(z,t), PN(S+Z)]. (5.22) 

160 



The term 'inf,max[l- Ti(z,t), PN(S+Z)]' is the quahtative "expected" utility of 

choosing s as a starting time decision depending on the transportation mode preferred 

and PN(S+Z), which evaluates to what extent the arrival time is satisfied. Note that 

vanable z refers to the duration whose precise value is not under the decision-maker's 

control. However, t is a decision variable, thus it is under Tom's control. The expression 

therefore takes into account the uncertainty and reflects the conjunctive aggregation of 

the criteria. Now we can apply this version of the example to the hurricane evacuation 

decision. 

Assume that Tom wants to evacuate but does not want to leave home too early in 

order to avoid unnecessary evacuation. However, he does not want to depart too late 

because he may not reach a safe area and he does not want to be in transh when a 

hurricane strikes. He may have some preference between taking different evacuation 

routes. Let pT(highway) and pT(country-road), being respectively the level of 

acceptability of each route. Then 'max[pT(highway), pT(country-road)] =1' by normality 

assumption. However, there is some uncertainty about the duration between his home 

and the safe area, since he has no control over traffic jams on these altematives. Thus, 

the decision comes down to choose departure time s, and evacuation route t to maximize 

the multiple criteria evaluation: 

min[pT(t), PR(S), infzmax(l- Tt(z,t), PN(S+Z)]. (5.23) 

The term infzmax[l- Tt(z,t), PN(S+Z)] refers the qualitative expected utility under 

the incomplete knowledge about the situation. The expression (5.23) can be also 

expressed (Dubois, Fargier and Prade, 1995a): 
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supa,t min[pT(t), PR(S), infzmax(l- Tt(z,t), pM(a-z), pN(a)]. (5.24) 

The problem is now finding out an acceptable arrival time such that acceptable 

corresponding departure time is (a-z), whatever the possible value of z when evacuation 

route is t. In general, decision-makers are interested in the departure time. It is also 

shown in (Dubois et al., 1995a) that the 'inf^max' subpart of Equation (5.23) can be 

rewritten as a 'supzmin' expression when dealing with continuous membership functions 

and possibility distributions. 

5.8 Evacuation Decision 

Let us assume that evacuation is ordered in early moming. The house that only 

Tom lives in is located in risk area 3 corresponding to the five categories of hurricanes on 

the Saffir/Simpson Scale, and the clearance time is estimated 12 hours for his location. 

The expected storm intensity will be Category 4, but it may reach Category 5. However, 

it is not certain yet that the storm will hit the area where Tom lives. Furthermore, Tom 

needs some time before evacuation to secure his home: tuming off the gas, water, and 

electricity; boarding up the windows; bracing garage doors; securing the loose object in 

the yard; locking all windows and doors. His estimation for reaching a safe area depends 

on the time he evacuates and the traffic condition on the evacuation route that he wants to 

take. Assume that he needs 4 hours for preparation; thus, he can leave around noon, and 

in any case not any earlier than 10 am since the later he leaves, the better informed he is 

to avoid unnecessary evacuation. 
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However, waiting time will bring more uncertainty about traffic conditions on the 

evacuation route. He constantly watches television or listens to the radio to be informed 

about weather updates and evacuation information. According to local officials' 

estimation, Tom expects 7 to 8 hours travel time and has a preference on arrival time to 

reach a safe area. He would like to take the highway to evacuate and arrive at 6:00 pm or 

before, but certainly not after 7:00 pm because the storm is expected to make landfall 

after 7 pm. He does not want to be in transit after 7:00 pm. 

As illustrated earlier, the fuzzy travel time for Tom has lower model value 9'" = 7 

and lower support 9'"*̂ = 6. We now can determine his optimum preference for departure 

time to reach a safe area. According to his departure preference, Tom can avoid being 

caught in his car when the storm hits. The optimal time for Tom to start safely enough 

can be calculated as shown in Figure 5.9. 

Time 

Figure 5.9 Tom's Evacuation Decision 
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Using fiizzy arithmetic, D © 9 has a linear increasing membership function with 

upper model value (in hours) 18 - 7 = 11 and upper support limh 19-6 = 13. 

Thus, optimum preference level can be easily determined as a matter of 

intersecting two straight lines, s* as shown in Figure 5.9. According to this level, (0.75), 

the optimal time for Tom to start safely enough can be calculated as follows: 

11.5 = p\0.75) (=11:30'a.m.). 

This result presupposes that travel time does not exceed 

6.75 = p9"V0.75) (= 6 h 45'); note that this is very likely. 

Moreover, taking these conditions for granted, Tom will arrive at a safe area not 

later than 

18.25 = PD"V0.75) (=6:15'p.m.). 

5.9 Concluding Remarks 

This chapter proposes a constraint-based approach to hurricane evacuation 

decision-making that accounts for the flexibility of temporal constraints and uncertainty 

of travel durations. This approach provides detailed analysis to describe time dynamic 

evacuation decision for households. Since location is the key for evacuation decision it is 

very important to determine time interval that evacuees need to reach a safe area when 

hurricane evacuation is implemented. Households' evacuation decision depends on the 

possible departure times, arrival times and travel uncertainties because households will 

evacuate if they believe that they have sufficient time to reach a safe area. Otherwise, 
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they seek for altemative actions such as public shelters to minimize the risk due to a 

hurricane threat. Therefore, I provided a simple mathematical model for the evacuation 

decision problem where the set of solutions to an evacuation problem is viewed as a 

fiizzy set whose membership function reflects preference and uncertainty that is 

described qualitatively in terms of possibility distributions. Clearly, h is necessary to 

determine minimum fravel time for evacuees to reach a safe area according to then 

location in order to implement successful "phased evacuation." 

This model provides a powerful tool to emergency managers to evaluate flexible 

departure and arrival time and thus assign temporal constraints and uncertainty of fravel 

durations for each census block according to the availability and accessibility of the 

evacuation routes. Therefore, evacuation can be ordered for each census block at a 

different time according to the location rather than ordering for a whole risk zone which, 

I believe, the main reason for excessive evacuation clearance time and chaos. 

The contribution of this chapter is the main step to describe evacuation problem 

as a time dynamic problem. It is shown that the unified framework of fuzzy set and 

possibility theory offers a rich and powerful setting for representation of constrained 

evacuation problem with flexibility (e.g., flexible departure, arrival times) and 

uncertainty (e.g., imprecise travel durations). I believe that this model has better 

modeling capabilities to reduce evacuation clearance time than strongly constrained 

classical approach where a crisp constraint analysis determines most of the evacuation 

orders. 
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CHAPTER VI 

SUMMARY AND CONCLUSIONS 

This dissertation has examined modeling capabilities of probability, possibility 

and fuzzy set theories for hurricane evacuation. Policy-makers and emergency managers 

have depended on surveys to identify the decision-making criteria and expert opinions to 

characterize hurricane evacuation behavior. This is a unique way, and probably the most 

popular technique, to develop a set of criteria where no factual data exist. Because 

individuals let their personal feelings alter what they know as facts, there is a danger in 

using individuals' opinions for hypothetical hurricane scenario. They may not be 

accurate and fail to provide valuable insights into the evacuation decision problem 

Therefore, I first evaluated the evacuation problem generally and behavioral analysis 

specifically to understand humans' risk assessment and response to hurricane evacuation 

under a variety of scenarios. Furthermore, I analyzed the discussion of findings and 

recommendations for hurricane preparedness and response strategies to lay a foundation 

for developing new models. 

In Chapter HI, I developed a new storm-surge model to assist emergency 

managers for effective planning of hurricane evacuation. The WTE and WTS models 

developed in that chapter will provide a coherent and clear strategy for estimating 

evacuation participation rates for each census block under a variety of hurricane 

scenarios. Moreover, a detailed transportation model is developed to support WTE and 

WTS models for a microanalysis to implement "phased evacuation." The classical 
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approach to phased evacuation is based on discrete risk zones designed according to the 

Saffir-Simpson Scale and thus does not consider individuals' risk assessments and 

decision-making criteria. This is the main problem for unsuccessfiil evacuations and also 

for excessive clearance times. Thus, this study redesigns hurricane risk areas according 

to the locations of each census block and the severity of the storm rather than discrete 

storm-surge maps. I believe that this is the key for successfiil "phased evacuation" and 

therefore reducing clearance times, preventing unnecessary evacuations, and increasing 

the credibility of emergency officials. 

Chapter HI also provides a detailed transportation model to esthnate clearance 

times more accurately. This model estimates the number of permanent and transient 

vehicles, ambulances, and specially equipped vehicles according to weekday and 

weekend evacuation scenarios. These two scenarios are characteristically different and 

therefore should have different clearance times. This chapter also evaluates the use of 

GIS as a tool to support the models previously developed and its capabihties of using 

census data for suitable evacuation plans. I believe that the models developed in this 

chapter will capture the real world hurricane evacuation environment more realistically 

and thus determine the possible locations and the size of public shelters. Although only 

households' income level is used as a deterministic factor for intention to use public 

shelters, I am certain that the addition of some demographics, such as race, age, 

household type, and pet ownership, to the WTS model will provide a more accurate 

estimation. That determination is for future research. 
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hi Chapter FV, modeling capabilities and possible applications of probability, 

fuzzy set, and possibility theories were examined for hurricane evacuation problem. 

Hurricanes create circumstances in which precise values for the probabilities of events 

are unavailable. In these situations, human beings provide probabilities. However, 

human beings usually assess probabihties, such as high or low, or by a roughly drawn 

percentage, such as about 80%, rather than being able to provide exact specific 

probabilities. On the contrary, decision-makers have some knowledge of the actual state 

and some preferences over the possible consequences of their own decisions. Moreover, 

decision-makers can supply a preference ordering to express their attitude in front of 

various possibilities of risky consequences. Therefore, I examined modeling capabihties 

and possible applications of probability, fuzzy set, and possibility theories to explore 

altemative methods of modeling hurricane evacuation behavior. Furthermore, I 

developed the theory of hurricane evacuation under von Neumann and Morgenstem 

expected utility theory. I also developed possibihstic and probabilistic lotteries to capture 

individuals' real world hurricane evacuation decision-making, which is selecting a best 

altemative action to protect them in the face of uncertainty. 

The main contribution of this chapter is an adaptation of fuzzy set and possibility 

theory to the hurricane evacuation problem. This new paradigm provides more 

qualitative frameworks for describing the incomplete and uncertain knowledge about 

hurricane evacuation decision-making. I believe that this study is the starting point of 

understanding more deeply the human processes involved in hurricane evacuation 

decision-making. As a result of this study, emergency planners will have better 
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assessments for the risks that evacuees face during the hurricane threat. Especially, they 

can assess the effects of an early evacuation by evacuees during a hurricane threat. 

Chapter V provides a unified framework of fuzzy set and possibility theory and a 

simple mathematical model for time dynamic hurricane evacuation decision-making. 

This model also extends the hurricane evacuation decision analysis to flexible durations, 

which are under control, as well as uncertain durations, in which some parameters are 

beyond control. 

Circumstances arise hurricanes in which the knowledge about the travel durations 

is imprecise and partially unpredictable. The usual model of ill-known durations is 

stochastic, because it can be perfectly justified if statistical data are available about travel 

durations. However, statistical data are out of reach during a hurricane threat and the 

assumption of identically repeated operations is dubious. Therefore, evacuation decision 

and also clearance time depend on the parameters subject to fiexible consfraints. The 

model proposed in this chapter is the first step for giving the opportunity to emergency 

officials to implement "phrased evacuation." Implementation of "phrased evacuation" 

depends on departure, arrival times and travel durations. Thus, emergency officials 

should be able to determine flexible time constraints for each census block according to 

the locations and evacuation routes that are available. This model proposes a rich and 

powerful setting for representation of a constrained evacuation problem. I believe that 

this model determines clearance times for every risk zone or census block more 

realistically than the strongly constrained approach where a crisp form constraint analysis 

determines most of the evacuation order decision making. 
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Finally, the main contribution of this study to the existing literature is very 

unique. This study utilizes two new theories developed in other contexts, fuzzy set and 

possibility theory, and simple models for emergency officials to deal with the hurricane 

evacuation problem in a micro-approach to improve the present application of storm-

surge models. Instead of evaluating the risk for each risk area, this study provides the 

necessary tools and theories to assess the risk for each census block. Therefore, an 

emergency official can create high detailed risk zone maps under different hurricane 

scenarios. Moreover, modeling capabilities of these theories provide a basis for planning 

and implementation "phased evacuations" and therefore minimize "shadow evacuations" 

and clearance time. 
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APPENDIX 

PROGRAMS FOR MATLAB 
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POSSIBILISTIC LOTTERY 

function mu=posslotterybranch(lambda,phi,errorcheck) 
/o 

% This function implements an N-branch in a possibility lottery tiee. 
% mu 
% I 
% 

% / | | \ 

% lambda(l) / | lambda(2) lamdba(N-l) I \lambda(N) 

% / I .. \ 
% / I I \ 
% phi(:,l) phi(:,2) phi(:,N-l) phi(:,N) 
/o 
% Here, the tree has an N-branch and the reward space has M elements 
% 
% Inputs: 
% lambda Nxl branch normalized possibilities 
% 
% phi MxN normalized possibility distribution matrix. Each column phi(:,n) is a 
possibility lottery associated with branch n. 
% 
% errorcheck Set errorcheck=l to test for errors in inputs. 
% 
% Outputs: 
% 

% mu Mxl output possibility distribution/lottery 
% 

[M N]=size(phi); 

if errorcheck=l % Check inputs for consistency, 
if ~(size(lambda)==[N 1]) 

disp('Error in posslotterybranch. Size mismatch in inputs.') 
end % end of size check 
if(max(lambda)<l-100*eps)|(min(lambda)<0) 

disp('Error in posslotterybranch. Input lambda is not normahzed.') 
end % end of size check 
if (min(max(phi)+l 00*eps)<l)|(min(min(phi))<0) 

disp('Error in posslotterybranch. Input phi is not normalized.') 
end % end of size check 

end % end of errorcheck 

mu=max( min( ones([M l])*lambda', phi)')'; 
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PROBABILISTIC LOTTERY 

function mu=problotterybranch(lambda,phi,errorcheck) 
% 

% This function implements an N-branch in a probability lottery tree. 
% mu 
% I 
% 

% / I |\ 
%lambda(l) / | lambda(2) lamdba(N-l) | \lambda(N) 
% / I ... I \ 
% / I I \ 
% phi(:,l) phi(:,2) phi(:,N-l) phi(:,N) 
% 
% Here, the tree has an N-branch and the reward space has M elements. 
% 
% Inputs: 
% lambda Nxl branch normahzed probabilities 
% 
% phi MxN normalized probability distribution matrix. Each column phi(:,n) is a 
probability lottery associated with branch n. 
% 
% errorcheck Set errorcheck=l to test for erros in inputs. 
% 
% Oututs: 
% 
% mu Mxl output probability distribution/lottery 
% 
[M N]=size(phi); 

if errorcheck=l % Check inputs for consistency, 
if ~(size(lambda)==[N 1]) 

dispCError in problotterybranch. Size mismatch in inputs.') 
end % end of size check 
if(abs(sum(lambda)-l)>100*eps)|(min(lambda)<0) 

dispCError in problotterybranch. friput lambda is not a probability distribution.') 
end % end of size check 
if (max(abs(sum(phi)-l)) >100*eps)|(min(min(phi))<0) 

dispCError in problotterybranch. Input phi is not a matrix of probability 
distributions.') 

end % end of size check 
end % end of errorcheck 

mu=phi*lambda; 
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