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ABSTRACT

During an emergency evacuation, most people will use their vehicles to evacuate.
However, there is a group of people who do not have access to reliable transportation or
for some reason cannot drive, even if they have their own automobiles – the carless.
There are different groups of carless (disabled, medically homebound, poor or
immigrant populations, etc.) who require different forms of transportation assistance
during an emergency evacuation. In this study we focus on those carless who are
physically intact and able to walk to a set of designated locations for transportation
during an emergency, and we propose using public transit and school buses to evacuate
this carless group. A model has been developed to accommodate the use of public
transit and school buses to efficiently and effectively evacuate the carless. The model
has two parts. Part 1 is a location problem which aims at congregating the carless at
some specific locations called evacuation sites inside the affected area. To achieve this
goal, the affected area is partitioned into zones and this congregating of the carless has
been formulated as a Single Source Capacitated Facility Location Problem. Changes in
the demand of the carless in zones over different periods of a day and over different
days of the week have been considered and included in the model. A walking time
constraint is explicitly considered in the model. A heuristic developed by Klincewicz
and Luss (1986) has been used to solve this location model.
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Part 2 is a routing problem which aims at obtaining itineraries of buses to pick up the
carless at evacuation sites and transport them to safe locations outside the affected area,
such that the total number of carless evacuated with the given time limit is maximized.
A Tabu search heuristic has been developed for solving the routing problem.
Computational results show that the Tabu search heuristic efficiently and effectively
solves the routing problem; in particular, the initial heuristic produces a high quality
initial solution in very short time. This study has also made slight contribution to the
development of the Tabu search technique.
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CHAPTER 1

INTRODUCTION

1.1 Description of Problem
Natural disasters such as hurricanes, floods, wildfires, etc., and man-made disasters
such as nuclear plant leaks, chemical spills, terrorist attacks, etc. could cause loss of
human lives. For example, Hurricane Katrina hit the Gulf Coast region in August 2005,
which claimed an estimated 1353 direct fatalities (Guiney et al., 2006). In October 2007,
wildfires in Southern California claimed 7 lives (Frazee et al., 2009). Around 3,000
people were killed in the September 11, 2001 terrorist attacks (Kean et al., 2008).
Disasters can threaten human lives, hence emergency evacuation of people from the
affected area is necessary. Approximately one million people in the City of New
Orleans and its surrounding parishes were evacuated from Hurricane Katrina (CNN,
2005). One million people were evacuated during the wildfires in Southern California
during 2007 (Snow et al., 2008). More than one million people were evacuated from
lower Manhattan following the terrorist attack on the World Trade Center on September
11, 2001 (White et al., 2008). During emergency evacuation most people will use their
own vehicles to evacuate. However, there is a group of people who do not have access
to reliable personal vehicles or even if they have a vehicle, for some reason they cannot
drive and need to rely on other forms of transportation, such as public transit, to take
them out of the affected area.

In this context, Renne et al. (2008) define the carless as those who for any reason do not
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have access to an automobile or do not use it for the purpose of evacuation. This
includes minority, low-income, young, elderly, disabled, or poor residents with limited
mobility and health problems, transit-dependents, immigrants, and anyone else that does
not drive (Renne et al., 2008; White et al., 2008). For example, it is estimated there
were 100,000 to 200,000 New Orleans residents that did not have access to reliable
personal transportation before Hurricane Katrina hit in 2005 (White et al., 2008). New
Orleans is not the only city that has a large carless population. According to Pisarski
(2006), statistics shows that in the year 2000, there were 10.9 million households
without vehicles (zero-vehicle households) in the United States. Of those zero-vehicle
households, 50 percent of them were from 15 major metropolitan areas in the United
States. Each of these areas has more than 100,000 zero-vehicle households. Table 1
shows the number of zero-vehicle households in these 15 major metropolitan areas.

Table 1. Metropolitan Areas with More Than 100,000 Zero-Vehicle Households
Metro Area
Zero-Vehicle
Metro Area
Zero-Vehicle
Households
New York
Los Angeles
Chicago
Philadelphia
Washington D.C./Baltimore
Boston
San Francisco
Detroit
Source: Pisarski (2006) P.42

2,216,217
537,885
450,547
355,220
343,841
272,748
253,425
181,816

Households
Miami
Houston
Pittsburgh
Cleveland
Dallas-Fort Worth
Atlanta
Seattle

172,514
127,166
125,087
117,223
115,724
110,401
107,574
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1.2 Motivation
The carless need to be evacuated during an emergency. There are different modes of
transportation that can be used to evacuate the carless, such as public transit and school
buses, charter buses, demand-responsive vans, rail, ferries, paratransit vans and
ambulances. However, the choice of mode or combination of transportation modes for
evacuating the carless is based on a variety of factors. For example, public transit or
school buses can be used to evacuate those carless who are physically intact; whereas to
evacuate those who have health problems, specialized vehicles with medical equipment,
such as ambulances, might be needed.

1.3 Some Issues Related to Emergency Evacuation of the Carless
In order to serve the carless in an emergency evacuation, a number of issues need to be
addressed, and they are:



Identifying the location of the carless – Chan and Hickman (2007) discuss where
the carless are in the event of an evacuation. The carless could be at the
residential areas (their homes), workplaces, shopping malls or other locations.
They point out that the locations of the carless may depend on the time of day
and the day of a week. For example, the carless population may be primarily in
residential areas during nighttime, whereas during the daytime on weekends
(Saturday and Sunday), most likely the carless population is located at both
residential areas and other places (e.g., shopping malls).
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Renne et al. (2008) suggest combining census data, Geographic Information
Systems

(GIS)

mapping

technologies,

and

knowledge

regarding

the

demographics of carless populations, to provide planners with important
information regarding the areas where the carless populations are located. This
can help disaster planners decide where resources should be placed to serve a
majority of the carless population in an evacuation.


Determining transportation needs of the carless population – Other than
knowing the location of the carless, it is also necessary to know what form of
transportation assistance that the carless need, so that a suitable transit resource
can be used to match the evacuation needs of the particular group of carless. For
example, paratransit can be used to evacuate the carless with disabilities; the
evacuation of the carless with health problems requires vehicles with medical
equipment, such as ambulances. White et al. (2008) mention the development of
voluntary registries of those carless with special needs that require transportation
assistance in an emergency; however, keeping the records up to date is both
costly and difficult. Another method they mention is through the organizations
(faith-based group, health and human service agencies) that serve the carless
with special needs to help identify not only the locations of the carless but also
their transportation needs.
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Communicating with the carless – To strengthen the role of transit in emergency
evacuation, White et al. (2008) mention that information regarding how to
access transit and obtain assistance during an emergency evacuation should be
provided to the public and to the vulnerable populations (the carless with special
needs). Renne et al. (2008) cite other literature suggesting that prior to an
emergency, planners can contact different carless groups to learn the kind and
type of information they want to receive during emergencies, and which ways
are preferred for delivering the information.



Having available transit drivers (operators) – One of the reasons for the failure
of evacuation of carless people out of New Orleans before Hurricane Katrina hit
was that only a few transit drivers reported to work. White et al. (2008) point out
that the time of an incident would affect the immediate availability of transit
drivers, as they mention many transit agencies find that it is more difficult to
respond to an incident at the off-peak periods or weekends when drivers and
equipment are less available. This can create a delay to the evacuation. They
also point out that duration of an evacuation is also an important factor
regarding the availability of transit drivers, because of the shift arrangements,
work restrictions, and part-time shifts. To ensure the availability of transit
drivers to transport the carless, White et al. (2008) suggest providing for
evacuation of families of transit drivers. Another suggestion is to include
standby or expedited contract transit providers prior to an emergency so that
transit operators would know what they are required to do during an emergency,
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and the availability of drivers can be ensured (White et al., 2008).


Operating communications systems – During an emergency evacuation, real
time communication with transit operators is very important when transit is used
to evacuate the carless, especially if the emergency happens in daytime when
transit is operating across the affected area. Communications allows instructions
to be given to the transit operators regarding their itineraries in the evacuation
operation, such as where to pick up the carless (including the number of
persons), and where to drop off the carless. Transit agencies should
communicate with any transportation management center which monitors and
manages daily traffic and accidents, to obtain real-time information regarding
the network situation (e.g., roadway blockage or congestion) during an
emergency, so that transit drivers can be informed and make adjustments.
Therefore, the integrity of communication systems during an emergency is
vitally important.

There are also some other critical issues need to be considered when using transit to
evacuate the carless, and they are:



Characteristics of the affected area – The size of the affected area would affect
how much transit resources (e.g., number of transit buses) are required to
evacuate the carless and what kind of vehicle is to be used (Chan and Hickman,
2007). Accessibility of the affected area would also determine the vehicle type to
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be used.


Type of emergency notice – Basically emergency notice can be classified into
three types: No-notice, Short-notice or Long-notice. The notice type would
affect transit’s response to an emergency. For example, a no-notice incident
happens at nighttime when drivers are less available, which would cause a delay
in response in an evacuation (White et al., 2008). On the other hand, the notice
type would also affect the deployment of transit vehicles; for example, if a
no-notice emergency takes place during daytime, it is likely that the transit
vehicles should start the evacuation operation at their current locations, whereas
under a long-notice emergency, transit passengers will be transported to their
destinations by the transit vehicles, and these transit vehicles will be instructed
to move to the designated locations to be ready to evacuate the carless.



Time available for evacuation operation – The time limit for an evacuation
would affect the strategies (objectives) adopted (Chan and Hickman, 2007). For
example, if the time available for the evacuation is short, then a possible
objective is to maximize the number of carless evacuated. Whereas, if the time
available is long, then the objective could be to minimize the evacuation time.
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As it has been mentioned, there are different modes of transportation that can be used to
evacuate the carless, and there are also different types of carless with different needs
that require different forms of transportation assistance. In this study, we will focus on
how we can efficiently and effectively evacuate the carless that are physically intact by
using public transit and school buses under short- and long-notice emergencies.

1.4 Problem Statement
We are given an area of interest, when there is an emergency that requires evacuation of
people in that area. When an evacuation call is issued, most people will use their own
vehicles to leave the affected area. However, there is a vulnerable group of people, the
carless, who need to rely on transit to leave the affected area. In this study, we will
focus on the use of buses (including public transit and school buses) to evacuate the
carless; furthermore, our target carless group is those physically intact and able to walk
to designated locations for transportation during an emergency evacuation. There is a
time limit for evacuation; in this study we consider evacuation during short- or
long-notice emergency.

The underlying question is how we can efficiently and effectively evacuate the carless
as they are scattered across the affected area. Moreover, due to the socio-economic
activities, the demand pattern of the carless in the affected area at different periods in a
day and on different days of a week could be different. This demand characteristic has
to be considered, as an emergency evacuation could happen at any time. We assume that
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there are a number of shelters (called “safe locations” in this study) to receive the
carless from the affected area, and that buses could be at any point in or around the
affected area, or at a depot. The distribution of buses depends when the emergency
evacuation takes place and how much time is available for the evacuation. Since there is
a time limit for the evacuation, an algorithm which can produce high quality solution
(itinerary of each bus) in a short time is much needed, so that instructions can be given
to bus drivers to pick up the carless and transport them to safe locations. The solution
algorithm must be able to take the current locations of buses into consideration in its
procedure, as evacuation could happen at any time.

1.5 A Model for Carless Evacuation
To address this problem and to accommodate the use of public transit and school buses
to evacuate the carless, a model has been developed, which has two parts: a planning
part, and an operational part. The planning part is a location problem which aims at
congregating the carless at specific locations (called “evacuation sites” in this study);
whereas, the operational part is a routing problem which aims at routing buses to pick
up the carless from these evacuation sites and deliver them to safe locations. Since the
exact locations of buses and their remaining capacities are not known until the
evacuation order is issued, therefore these two (location and routing) problems are
solved separately. The location problem will be solved prior to any emergency, whereas
the routing problem will be solved at the time when an evacuation is necessary. The
following is the detailed description of these two parts of the model.
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1.5.1 Planning Part – Location Problem: Congregating the Carless
We need to evacuate the carless during an emergency; however, they are scattered
across the affected area. Moreover, there is a time limit for emergency evacuation. For
large-scale evacuations, it would be impractical to pick up the carless from door to door
and transport them out of the affected area. Instead, we suggest gathering the carless at
some specific locations called evacuation sites within the affected area; this would
greatly reduce the number of pickup points to be visited, and thus substantially save
time of buses from traveling to visit a large number of pickup points. Therefore we can
increase the efficiency and effectiveness of the evacuation operation, especially if the
affected area is large.

Suppose the area of interest for evacuation in case of future disasters is called the
Evacuation Planning Zone (EPZ). In the event of emergency, the carless will be
congregated at the evacuation sites within the EPZ. Then, buses will be sent to these
evacuation sites to pick up the carless and transport them to safe locations outside the
EPZ.

To congregate the carless, we first partition the EPZ into a number of smaller zones.
Each small zone has a demand (the number of carless), which may vary by time of day
or day of week. There are also a number of places in the EPZ where evacuation sites
could be potentially set up. For safety and security reasons, each evacuation site has a
capacity limit on how many carless can be congregated. Therefore,
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gathering of the carless is the assignment of demands of the small zones to evacuation
sites. It is assumed the carless will walk from their zones to the evacuation sites, and we
limit the maximum travel (walking) time from the current zones of the carless to the
evacuation sites. Therefore the assignment is subject to a coverage constraint. That is, a
zone can be assigned to an evacuation site only if the average walking time from that
zone to the evacuation site is within a specified time length (e.g. 15 or 20 minutes)
determined by the planner. Demand of a zone can only be assigned to one single
evacuation site; however, demands of more than one zone can be assigned to the same
evacuation site as long as the capacity constraint of the evacuation site is not violated.
To ensure the capacity will not be exceeded in the assignment, demands of zones at any
period of a day and any day of a week will be considered. It might be difficult to notify
the carless or there might be confusion if the assignment problem is solved shortly
before or during an emergency. Thus, the problem will be solved prior to any
emergency and the carless will be instructed in advance where to go for transportation
whenever there is a call for evacuation. The gathering of the carless has been formulated
as a Single Source Capacitated Facility Location Problem (SSCFLP) with varying
demand over different periods of a day and different days of a week. The objective of
the problem is to minimize the sum of expected walking time and of setup costs of
evacuation sites. In order to unify the units of different components in the objective
function of the SSCFLP, manpower time (minutes) has been used to reflect the setup
cost of the evacuation sites. The interpretation is that the magnitude of the setup cost
(manpower time) represents the cost for managing an evacuation site.
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The model helps determine the number of evacuation sites to be opened and their
corresponding locations, as well as the assignment of demands of zones to the opened
evacuation sites. Given the assignment pattern of zones to the evacuation sites, the
expected demand of the carless at each evacuation site at any time can be determined,
which serves as an important input to the bus routing problem.

1.5.2 Operational Part – Routing Problem: Routing Buses
By nature of an emergency, evacuation operations can only be carried out within a time
window, for example in four hours or two days. We call this time window the planning
horizon. In this part, we aim to use buses to evacuate as many carless out of the EPZ as
we can, given the time limit. Therefore, an effective and efficient allocation of resources
(public and school buses) plays a critical role. As the setting of the problem, suppose
there are a number of evacuation sites which have demands (the number of carless to be
evacuated). Public and school buses are operating in or around the EPZ, and some may
be in a depot. Each bus has a capacity limit on how many people can be on board. In the
beginning of the evacuation some buses may not have their full capacity available; this
is because there are some passengers already in the buses when an emergency
evacuation is called. In addition, there are a number of safe locations outside the EPZ.
Again, for safety and security reasons, there might be a capacity limit on some or all
safe locations.
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With this information and knowing the current locations of buses and their remaining
capacities, the goal is to come up with an itinerary (routing strategy) for each bus
shuttling between evacuation sites and safe locations throughout the whole planning
horizon such that the number of carless evacuated is maximized. Multiple trips of buses
will be considered if time allows, so that limited resources (buses) can be fully utilized.
Moreover, time is a critical factor in an emergency evacuation; therefore the routing
problem needs to be solved quickly. In other words, an algorithm that can produce a
good quality solution (itineraries of buses) in a short time is very important, especially
when it involves a large scale evacuation. The bus routing problem of this study is a
variant of the vehicle routing problem with multiple trips, in which initial locations of
buses involved in the evacuation can be anywhere inside or around the affected area.
Furthermore, in general there is more than one safe location to receive evacuees, which
could be different from the initial locations of the buses when the evacuation begins.
This is in contrast to a traditional vehicle routing problem with multiple trips, in which
vehicles start from a single depot and terminate at the same depot at the end of their
trips (Tillard et al., 1996; Brandao and Mercer, 1997).

1.6 Organization of the Dissertation
The dissertation is organized as follows. A literature review of quantitative research on
the evacuation of the carless using buses, location problems on a stochastic network,
algorithms/heuristics for single source capacitated facility location problem, the vehicle
routing problem with multiple trips, as well as the Tabu search technique, will be
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discussed in Chapter 2. The model formulation of the location problem for congregating
the carless, the solution heuristic for the location model and a case study – the
application of the model to the Tucson region – will be discussed in Chapter 3. The bus
routing problem, including the development of a Tabu search heuristic, algorithmic
summary of the heuristic, data required for implementing the heuristic, and a numerical
study – the application of the Tabu search heuristic to the Tucson region – will be
presented in Chapter 4. Finally, contributions, conclusions & discussion and future
extensions of this study will be discussed in Chapter 5.
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CHAPTER 2

LITERATURE REVIEW

In this chapter, reviews of quantitative research on the evacuation of the carless using
buses, on location problems on a stochastic network, on the single source capacitated
facility location problem and solution methods, on the vehicle routing problem with
multiple trips, as well as on the Tabu search technique, are presented.

2.1 Evacuation of Carless using Buses
Although buses can play a critical role to evacuate the carless during emergency, there
are very few quantitative researches discussing the use of buses to evacuate the carless.

Perkins et al. (2001) discuss the use of buses to evacuate the carless (elderly and
disabled) under a release-of-toxic-gases-to-the-atmosphere (no notice) scenario. The
scheduling of bus trips is based on the link travel times produced by a simulation model.
They assume that buses are at a garage, and discuss the optimal departure time of buses
from the garage to pickup points such that the total travel time of buses is minimized. A
simulation model is used to produce travel times on network links as a function of time
for the entire evacuation horizon. Similarly, based on link travel times generated by the
simulation model, travel times from a node (or centroid) to any other node (or centroid)
are constructed as a function of time. The centroid of a zone to be evacuated is set as a
pickup point for that zone. Travel time from the garage to each pickup point is available
as a function of time after the evacuation order. Similarly,
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travel time from each pickup point to the exit (safe node) is also available as a function
of time. The loading time of evacuees at each pickup point is considered as well. Given
the travel time from the garage to pickup points, the travel time from pickup points to
the safe node as a function of time, as well as loading time of evacuees at pickup points,
the optimal departure times of buses from the garage to pickup points can be determined,
and thus the shortest route from the garage to a pickup point and to the safe node can be
found for each bus, so that the total travel time of buses is minimized. They have taken
network conditions into consideration for the bus routing strategy. The routing strategy
is static in that each bus would travel on a pre-determined route to leave the affected
area. No number of evacuees for each pickup point is mentioned, but different values of
loading time at each pickup point are considered when finding the shortest route for
each bus. The assumption that all buses are located at the garage may not be appropriate,
especially in the context of a no-notice evacuation, because most of the buses should be
in operations under normal schedule if the evacuation takes place during daytime.

Sayyady (2007) considers the use of buses to evacuate the carless during no-notice
disaster evacuations. The problem is represented by a time-space network, and a
minimum cost flow model with additional side constraints has been formulated for the
problem. A Tabu search technique is used to identify evacuation routes for buses; the
traffic condition of the network is simulated in the development of the bus routing
strategy. The model assumes that bus stops are the pickup locations; the carless are
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asked to go to the stop that is closest to their current location to evacuate during an
emergency. The pickup arrangement (asking the carless to go to the closest bus stop) for
evacuation may not be practical; especially for the evacuation of a large area where the
carless are scattered across the area and the vehicle routing requires visiting a large
number of bus stops. The time for the evacuation operation is limited, so visiting such a
large number of bus stops will consume a lot of time traveling from stop to stop, thus
affecting the duration of the evacuation operation. Moreover, this model does not take
into account the change of demand pattern by time of day at pickup points, which could
have a great impact on the development of the routing strategy. The proposed solution
procedure produces two dissimilar paths at the same time for each bus; one is to be used
and the other is for backup purposes. The concept of a backup path is that if there is a
link failure due to congestion or damage, then the bus will have an alternative path
which shares a minimum number of links in common with the current path.

These two studies (Perkins et al., 2001; Sayyady, 2007) have only considered the
evacuation of the carless under no-notice disasters. However, there are disasters with
longer time of notice, namely short-notice or long-notice disasters, e.g. a hurricane. The
nature of short-notice and long-notice problems is different from a no-notice problem
and the approach used to address them will be different as well. For example, in
(Perkins et al., 2001; Sayyady, 2007), buses will only carry out one single trip; that is,

30

buses will not return to pick up the carless after leaving the affected area. The reason is
because the time allowed for no-notice evacuation is very short. Whereas, multiple trips
for each bus could be considered for short-notice and long-notice disasters, as they have
a longer time window for evacuation. By doing so, limited resources (i.e. buses) can be
utilized more effectively.

Margulis et al. (2006) develop a 0-1 integer programming model to determine the
assignment of buses to pickup points and to shelters for evacuating the carless under a
hurricane threat. They assume buses are already at the pickup points at the beginning of
the evacuation, and restrict each bus to return to the same evacuation site as it was at the
beginning of the evacuation. The objective of the model is to maximize the number of
carless evacuated in a given time limit. However, solving the 0-1 IP can become
computationally impractical for large scale evacuation, because there might be millions
of decision variables in the problem. Moreover, in some situations it is expected that the
solution needs to be produced in short time, so that instructions can be issued promptly
to bus drivers to route the buses to evacuate the carless. In their study, the affected area
is divided by zip code, and one or more pickup points can be set up inside each zip code.
Demand at each zip code is a certain percentage of the population within that zip code.
They use Excel and Lingo to solve the model; however, due to the computational
limitation of the hardware and the problem size that the modeling software can handle,
only a small problem is solved.

31

Recently, there are several Transportation Research Board conference papers discussing
the use of buses to evacuate the carless during an emergency. He et al. (2009) formulate
a stochastic location-routing problem for natural disaster evacuation. A hybrid algorithm
combining a genetic algorithm, artificial neural network and hilling climbing algorithm,
has been proposed to solve the problem. The algorithm provides the solution to the
number of shelters that should be opened and their locations, as well as the number of
buses that are needed and their corresponding routes. Locations of pickup points and
their demands are obtained through pre-registration; that is, those who need a ride to
evacuate will register with an authority or agency (in this study, Coast Transit
Authority – CTA) detailing their locations and number of carless during an emergency;
this registration is done prior to any emergency. Though the demand of the carless at
each pickup point (pickup address) is obtained in advance, uncertainty of demand is
considered. Therefore, a normal distribution is used to model the variation of demand of
evacuees at each pickup point. However, they did not explain how to come up with the
range of demand of evacuees at each pickup point. This problem is solved prior to any
emergency. They consider one-stage and two-stage evacuation in their study. One-stage
evacuation means buses start from shelters and visit some pickup points and terminate
at shelters. Multi-stage means buses will carry out multiple trips shuttling between
shelters and pickup points to carry people from pickup points to shelters. They assume
that buses are at the shelters at the beginning of the emergency, and they also assume
that the next stage evacuation cannot start until the current stage evacuation has been
completed; that is,
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all buses must arrive at shelters before the next stage of the evacuation can take place.
The assumption that all buses are at shelters may not be appropriate under an
emergency event which could take place at any time of a day, as buses are operating
under normal schedule in the network. The stage to stage (multiple-trip) evacuation in
this study lacks flexibility to redirect the fleet of vehicles in use. Some buses may arrive
at shelters earlier than the others (e.g., in the first stage operation), but it is not
necessary for these buses to wait until the others have arrived at shelters. This will delay
the evacuation of some individuals and waste valuable operating time of some buses by
idling them at a shelter. He et al. have applied their algorithm to a small scale problem
which has 29 pickup points with a total carless population of less than 1000. Less than
20 buses are used in both one-stage and two-stage cases. Moreover, no large scale
example is used to demonstrate the efficiency and effectiveness of their algorithm; the
scale of natural disaster evacuation could be large. For example, hundreds of buses and
trains were used to evacuate 30,000 carless people out of New Orleans in the Hurricane
Gustav evacuation (Mail Online, 2008).

Mastrogiannidou et al. (2009) develop an emergency transit vehicle assignment module
which is integrated within a meso-scopic traffic simulation framework called VISTA. A
heuristic has been developed for the assignment module, which assigns vehicle(s) to
evacuation areas (pickup points) with positive demand based on the shortest time
criterion. The heuristic optimizes the total distance traveled by each vehicle, that is from
current location of vehicles or evacuation areas to the shelters, and to the next
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evacuation areas (if multiple trips are needed). They apply the heuristic to a small scale
case study – evacuation of marine terminals during emergency conditions. The case
study has three evacuation points and two shelters. They study the impact on routing of
buses with different numbers of buses available; multiple trips of buses have been
implemented when there are fewer buses available for evacuation. VISTA can be used
to capture the traffic dynamics during the time of an incident; however, it is not used in
their example. Rather, the traffic conditions for the implementation of the heuristic are
based on historical data only. In other words, the resulting routing strategy for each bus
is static. No large-scale evacuation scenario is used to demonstrate the efficiency and
effectiveness of the proposed heuristic.

Chen and Chou (2009) study the impact of transit-based evacuation to a highly dense
populated area based on some effectiveness measures such as network clearance time,
move time, delay time, total travel time, and average speed of the traffic. Those
evacuated by buses could be the carless or people willing to evacuate using transit. They
develop a mathematical model for the assignment of demands at bus stops to shelters;
however, the model is nonlinear, which involves the product of the assignment decision
variable and the decision variable of opening a shelter. This nonlinearity occurs in both
the objective function and a constraint of the problem. The demand in different periods
of a day and different days of a week is not considered. Pickup points are all bus stops,
which are pre-determined. The model then determines which shelters to open and the
assignment of demand at bus stops to open shelters. The Clarke and Wright (1964)
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savings algorithm and a cluster first – route second strategy are used to find routes for
buses (from a depot) to evacuate people. Only a single trip of each bus is considered in
their study. They suggest that the clearance time of an evacuation can be improved
substantially if more people choose to evacuate through the transit system.

Perkins et al. (2001) discuss the use of buses to evacuate the carless under a no-notice
emergency, they simply locate the pickup points at the centroid of the zones to be
evacuated; no discussion on demand at the pickup points is given, and no capacity
constraint is imposed on the pickup point. The scheduling of bus trips is based on the
link travel times as a function of time produced by a simulation model. They assume
buses are at a garage at the beginning of the evacuation. The loading time of evacuees at
pickup points is considered. Optimal departure time of buses from the garage is
determined such that the total travel time of buses is minimized. Sayyady (2007)
consider the evacuation of carless during a no-notice emergency, carless are asked to go
to the closest bus stop for transportation; however, it will be impractical for large scale
evacuation which involves a large number of bus stops to be visited in the vehicle
routing. A Tabu search heuristic has been developed to identify evacuation routes for
buses, and only single trip is considered in the route development. The traffic condition
has been considered in the development of the bus routing strategy. Margulis et al.
(2006) set up the pickup points based on zip code; one or more pickup points can be set
up in each zip code area to be evacuated. Demand information is based on a certain
percentage of the total population in the zip code area. However,
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no detail about where to set up the pickup points is provided. They develop a 0-1 integer
programming (IP) model to determine the assignment of buses to pickup points and to
shelters for evacuating the carless under a hurricane threat. The model assumes that
buses are already at the pickup points at beginning of the evacuation, and restricts each
bus to return to the same pickup point as it was at the beginning of the evacuation. The
objective is to maximize the number of carless evacuated in a given time limit. However,
solving a 0-1 IP can become computationally impractical for a large scale evacuation, as
routing solution is expected to be available in short time. He et al. (2009) did not
explicitly consider pickup points. The locations of pickup points are based on the
carless pre-registration for transportation in case of an emergency. A hybrid algorithm
combining a genetic algorithm, artificial neural network and hilling climbing algorithm,
has been proposed to solve a location-routing problem. The algorithm provides the
solution to the number of shelters that should be opened and their locations, as well as
the number of buses that are needed and their corresponding routes. Multiple trips of
buses have been considered, however, they restrict buses can start next trips only if all
buses have completed their current trips. Mastrogiannidou et al. (2009) just mention that
a pickup point will be specified inside each terminal in case of an incident, but give no
detail how to determine the location of the pickup points. A heuristic has been
developed that assigns vehicle(s) to evacuation areas (pickup points) with positive
demand based on the shortest time criterion. The heuristic optimizes the total distance
traveled by each vehicle, that is from current location of vehicles or evacuation areas to
the shelters and to the next evacuation areas (if multiple trips are needed). Pickup points
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are the bus stops with positive demand in (Chen and Chou, 2009); in other words, Chen
and Chou did not solve the location problem of pickup points, but instead the pickup
points are pre-determined. The Clarke and Wright (1964) savings algorithm and a
cluster first – route second strategy are used to find routes for buses (from a depot) to
evacuate people. Only a single trip of each bus is considered in their study.

All of these six studies have directly and indirectly considered the location of pickup
points. However, none of them has solved the location problem of pickup points for
congregating the carless. Moreover, only (Mastrogiannidou et al., 2009; Chen and Chou,
2009) consider the change in demand during a day. In this study, we have explicitly
considered and solved the location problem of pickup points for congregating the
carless. In addition, we have considered the change in demand during a day and
different days of a week. Moreover, walking time constraint for the assignment of
demand of zones to evacuation sites is explicitly considered. We recognize that an
emergency can take place at any time and this has been considered by incorporating the
carless demand of zones of different periods of a day and different days of a week in the
model. A Tabu search heuristic has been developed to produce itineraries of buses for
evacuation of carless during an emergency. Multiple trips are considered in the
development of the itineraries of buses. The heuristic allows buses to be anywhere in or
around the network at the beginning of the evacuation operation; moreover, buses will
terminate at safe locations which could be different from their initial locations.
Furthermore, once the carless have been dropped off at safe locations, then
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the buses can continue to carry out the next trips without waiting the other buses to
complete their current trips. Dwell time of buses at both evacuation sites and safe
locations has been considered. The sizes of both location and routing problems we have
considered are much larger than that of all these six carless evacuation studies.

2.2 Location Problems on Stochastic Networks
Our location problem for congregating the carless is a variant of a scenario-based
location problem. Our problem has three different type of days (weekday, Saturday and
Sunday), and each day type is divided into a number of time periods (i.e. Lr time
periods on a weekday, Lsat time periods on Saturday and Lsun time periods on
Sunday). Therefore, there are L = Lr + Lsat + Lsun types of time periods in a week. In
most cases, the demand patterns of all zones over different periods are different;
therefore, the demands of zones are random in the sense that evacuation could happen at
any time. The probability of occurrence of each period is assumed to be uniform. That is,
it is the product of the portion of duration of the period out of 24 hours and portion of
the number of days of the day type out of seven days. For example, period 1 on a
weekday has a duration of 9 hours, and its probability of occurrence is (9/24)*(5/7).
Therefore, our location problem is a variant of the scenario-based location problem;
each scenario has a corresponding probability of occurrence. In the literature, work has
been done on the scenario-based location problem, typically as an m − median location
problem, which requires that one open m facilities, at the minimum cost necessary to
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serve the demand. In the location problem literature, the term stochastic (probabilistic)
network is used to indicate that there is randomness in the network of the problem (for
example: demand or link travel time). The following is a review of the location problem
on stochastic networks.

Sheppard (1974) is one of the pioneers suggesting uncertainty in data (variation of
demand) in a location problem. He proposes a scenario-based approach to the problem
and suggests choosing the strategy that leads to the minimum expected cost. The
location problem on a stochastic network, in particular the m − median location
problem, has been studied by a number of researchers (Mirchandani and Odoni 1979;
Mirchandani and Oudjit 1980; Mirchandani 1980; Weaver and Church 1983; Berman
and LeBlanc 1984; Mirchandani et al. 1985), where link travel times or both link travel
times and customer demands are random. Mirchandani and Odoni (1979) study the
existence and property of a solution of the problem in both non-oriented and oriented
stochastic networks. Weaver and Church (1983) develop two solution procedures for
solving the problem, where both link travel costs and demands are random.
Mirchandani et al. (1985) formulate the generalized m − median problem on a
stochastic multi-dimensional network as a mathematical program and transform the
problem into a classical deterministic m − median problem, where the m − median
constraint is dualized, resulting in an Uncapacitated Facility Location (UFL) problem.
The dual-based procedure developed by Erlenkotter (1978) is used to solve the
Lagrangean subproblem.
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There are also some researchers (Louveaux 1986; Louveaux and Peeters 1992; Laporte
et al. 1994) using a stochastic programming approach to the location problem on a
stochastic network. Louveaux (1986) discuss the use of a two-stage stochastic program
to the simple plant location problem and m − median problem. The first-stage decisions
are the location and the size of the facilities, and the second-stage decision is the
allocation of the available production/service to demand points. Louveaux and Peeters
(1992) study the transformation of the UFL problem into a two-stage stochastic program
with recourse when there is uncertainty in the problem data. A dual-based procedure
similar to the one developed by Erlenkotter (1978) is presented to reduce the duality gap.
Laporte et al. (1994) study the capacitated facility location problem, where demands of
customers are stochastic. The problem is formulated as a two-stage stochastic linear
program in which the first stage decision variables are the locations of the facilities and
assignment of customers to facilities, whereas the second stage is to determine the
quantity of delivery from facilities to customers, using the capacities of the open
facilities. It should be noted that since there is a capacity constraint for each open
facility, it is possible that there is unmet demand of some customers.

2.3 Algorithms/Heuristics for Single Source Capacitated Facility Location Problem
(SSCFLP)
Our location problem is a variant of a location problem on stochastic network, in the
sense that evacuation could happen at any time. We do not constrain the number of
facilities to be opened (as it happens for the m − median location problem). Moreover,
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the location problem on a stochastic network has different assignment patterns for
different scenarios. However, in this study the assignment of zones to evacuation sites is
the same over all scenarios, and this is designed intentionally. That is, we designate a
single assignment that will hold for all L time periods. This is chosen for this problem,
because it is difficult for the carless to memorize where to go for transportation in all
combinations of periods and day types, especially in an emergency. Therefore, the
solution approach for the m − median problem on a stochastic network is not used to
solve the location problem in this study. However, the overall structure of the location
problem in this study is similar to that of the traditional Single Source Capacitated
Facility Location Problem (SSCFLP), except that the capacity constraint of each
evacuation site must be satisfied over all periods of a day and all days of a week.
Therefore, we have solved the problem by using an approach used to solve the
traditional SSCFLP, with slight modifications of the heuristic to ensure that the
assignment of demands of zones to evacuation sites must satisfy the capacity constraints.
A literature review of algorithms/heuristics for SSCFLP follows.

Neebe and Rao (1983) formulate the single-source capacitated facility location problem
as a set partitioning problem and solve the linear programming relaxation of the
problem by a column generation procedure. A branch and bound approach is used if a
fractional solution is found by the relaxation.
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Barcelo and Casanovas (1984) develop a heuristic Lagrangean algorithm for the
capacitated plant location problem, where assignment constraints are relaxed. The
heuristic comprises two parts: the first is the plant selection and the second is the
assignment of centers to plants.

Klincewicz and Luss (1986) develop a Lagrangian relaxation heuristic for the SSCFLP,
in which the capacity constraints are relaxed. The subproblem – a UFL problem – is
solved by the dual ascent procedure developed by Erlenkotter (1978) without using
branch and bound. An initial feasible solution for the problem is obtained by a heuristic,
and a final adjustment heuristic is developed in an attempt to improve the feasible
solution found by the Lagrangian heuristic, by reassigning customers with lower
assignment cost, if possible.

Pirkul (1987) applies a Lagrangian relaxation technique to the SSCFLP, in which the
assignment constraints are relaxed. The Lagrangian subproblem is solved by solving a
set of knapsack problems. A lower bound to the original problem and a set of opened
facilities are obtained. Given the set of the opened facilities, then assignments are
performed in an attempt to find a feasible solution to the original problem.

Sridharan (1993) follows the same line as Pirkul (1987). With a given set of open
facilities, Sridharan (1993) attempts to obtain a feasible solution by solving a single
source transportation problem.
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Beasley (1993) develops a Lagrangean heuristic for the SSCFLP, where both customer
assignment constraints and capacity constraints are relaxed.

Agar and Salhi (1998) develop a Lagrangean heuristic for the SSCFLP where the
assignment constraints are relaxed. Given a set of open facilities, if total demand
exceeds total available capacity then extra facilities will be opened such that the total
available capacity exceeds the total demand, as a means to speed up the search for a
feasible solution. A single source transportation problem is solved; if a feasible solution
is not found then a re-assignment procedure based on solving a knapsack problem will
be used in an attempt to find a feasible solution, where the knapsack problem is solved
by an approximation technique.

Hindi and Pienkosz (1999) develop a heuristic that combines Lagrangean relaxation
with a restricted neighborhood search for the SSCFLP. The assignment constraints are
relaxed. A set of open facilities and a lower bound of the original problem are obtained
by solving a set of knapsack problems with sub-gradient optimization. A heuristic
procedure is used to find a solution (upper bound) to the original problem. The
procedure consists of three phases; the first is a greedy algorithm based on maximum
regret. If no feasible solution is found from the first phase, then a steepest descent
search is used to find a feasible solution in the second phase. If a feasible solution is
found either from the first or second phase, then a restricted neighborhood search is
used to improve the solution in the third phase.
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Ronnqvist et al. (1999) develop a repeated matching heuristic for the SSCFLP, where
the heuristic solves a series of matching problems.

Holmberg et al. (1999) develop a branch and bound algorithm based on a Lagrangean
heuristic for the SSCFLP, where a primal heuristic based on a repeated matching
algorithm is incorporated into the Lagrangean heuristic.

Cortinhal and Captivo (2003) develop Lagrangean heuristics for the SSCFLP by
relaxing the assignment constraints. Given a set of multipliers, the optimal solution of
the subproblem can be obtained by solving a set of knapsack problems and a set of
opened facilities will be available. Then a two-phase heuristic is used to find a feasible
solution to the original problem, where phase 1 ensures that the assignment constraints
are satisfied, and phase 2 improves the solution obtained in phase 1 by using Tabu
search or a local search procedure.

Ahuja et al. (2004) present a multi-exchange heuristic called very large-scale
neighborhood (VLSN) search algorithm for the SSCFLP. The algorithm comprises three
neighborhood
multi-customer

search

methods;

multi-exchanges

they
and

are
facility

single-customer
neighborhood

multi-exchanges,
structure.

The

single-customer and multi-customer exchanges involve the exchange of customers
among the opened facilities such that the total cost will be reduced, whereas facility
neighborhood considers the opening, closing and transferring of facilities to achieve
cost savings.
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Chen and Ting (2008) apply a heuristic called Multiple Ant Colony System (MACS) to
solve the SSCFLP. The heuristic is a two-stage solution construction rule. The first stage
is to select a set of facilities, while the second stage is to assign customers to the
selected facilities. The best solution found in each iteration is further improved by two
local search procedures. They have developed a hybrid algorithm called LH-ACS which
combines a Lagrangian heuristic and an Ant Colony system to solve the SSCFLP. The
selected facilities are determined by a Lagrangian heuristic, and a customer assignment
rule of MACS is used to assign customers to the selected facilities.

Lagrangean heuristics have been one of the most commonly used and successful
approaches to solve the SSCFLP (Barcelo and Casanovas, 1984; Klincewicz and Luss,
1986; Pirkul, 1987; Sridharan, 1993; Beasley, 1993; Agar and Salhi, 1998; Hindi and
Pienkosz, 1999; Holmberg et al., 1999; Cortinhal and Captivo, 2003; Chen and Ting,
2008). Usually customer assignment constraints are relaxed (Barcelo and Casanovas,
1984; Pirkul, 1987; Sridharan, 1993; Agar and Salhi, 1998; Hindi and Pienkosz, 1999;
Cortinhal and Captivo, 2003). However, relaxation of the customer assignment
constraints requires solving a set of knapsack problems corresponding to all potential
facilities. The problem size of our case study has 2511 potential facilities, and the
number of customer locations (zones) could be as many as 859. The knapsack problem
is an NP-hard combinatorial optimization problem; it would be computationally
burdensome to relax customer assignment constraints resulting in such a large number
of knapsack problems. Therefore,
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the facility capacity constraints of the location model – SSCFLP have been relaxed,
resulting in a subproblem – an uncapacitated facility location (UFL) problem.
Lagrangian relaxation heuristic developed by Klincewicz and Luss (1986) is used to
solve the SSCFLP, and dual-based procedure developed by Erlenkotter (1978) is used to
solve the subproblem – UFL problem.

Table 2 shows the SSCFLP studies that have considered large scale problem size. Of
those, Agar and Salhi (1998) have solved the largest problem size in the SSCFLP
literature. Recently, there are also several papers (Cortinhal and Captivo, 2003; Ahuja et
al., 2004; Chen and Ting, 2008) that have considered a large scale SSCFLP. However,
we have found that our study considers as a whole the largest problem compared to
those in the SSCFLP literature.

Table 2. SSCFLP studies that have considered large scale problem size
Authors
Largest Problem Size Considered
(Number of Facility)x(Number of Customers)
Agar and Salhi (1998)
600x600
Hindi and Pienkosz (1999)
100x1000
Cortinhal and Captivo (2003)
100x1000
Ahuja et al. (2004)
100x1000
Chen and Ting (2008)
100x1000
Current Study
2511x859

2.4 The Vehicle Routing Problem with Multiple Trips (VRPMT)
The objective of our routing problem is to evacuate as many of the carless as possible in
a given period of time, subject to a number of constraints. These constraints include:
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(1) for each bus, the total number of pickups at evacuation sites by its current trip
cannot exceed its capacity limit;
(2) for each safe location, the total number of evacuees it receives cannot exceed its
capacity limit; and,
(3) each bus must reach a safe location before the time limit.

Based on the objective and constraints of the routing problem, the decision problem is,
for each bus, to determine its itinerary throughout the entire planning horizon. The
itinerary includes the evacuation site(s) that the bus will visit in each trip (a bus can
perform more than one trip in the planning horizon if time allows), the number of
carless persons to be picked up at each of the evacuation site it serves, and the safe
locations it will visit to drop off the evacuees. The bus routing problem in this study is a
variant of vehicle routing problem with multiple trips, and there are a number of
researchers that have studied the vehicle routing problem with multiple trips. The
following is a literature review of this problem.

Tillard et al. (1996) have developed a heuristic for the multiple trip vehicle routing
problem. The proposed heuristic generates a large set of routes satisfying the constraints
of a traditional vehicle routing problem; a bin packing heuristic is used to produce the
solution for the problem with multiple use of vehicles.
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Brandao and Mercer (1997) have developed a Tabu search algorithm for a multiple-trip
vehicle routing and scheduling problem; the developed algorithm is used to tackle a
real-life distribution problem. Besides constraints common to the traditional Vehicle
Routing Problem (VRP), the algorithm allows vehicles to make more than one trip per
day; delivery time windows requested by customers are taken into consideration; the
vehicle fleet is heterogeneous; and the maximum legal driving time and legal break time
of drivers per day is respected.

Petch and Salhi (2004) present a multi-phase constructive heuristic for the multiple trip
vehicle routing problem. Two methods are developed to generate the vehicle routing
problem (VRP) solution, namely, the saving approach and route population approach.
The saving approach generates the VRP solution based on time saving criterion,
whereas the route population approach constructs the VRP solution through the
selection of routes from a pool, in which a tour partition approach is used to generate a
pool of routes that satisfying the VRP constraints. In the tour partition approach, a giant
tour is created and partitioned into routes; however, the vehicle capacity and driver time
restriction must be respected in the partitioning process. A bin packing approach is used
to construct a solution of the vehicle routing problem with multiple trips by allocating
routes (the VRP solution) to vehicles.
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Olivera and Viera (2007) have developed an adaptive memory programming heuristic
for the vehicle routing problem with multiple trips. The principle behind adaptive
memory programming is that better solutions may be constructed by combining
different components of other good solutions in the memory. At the beginning, a set of
solutions are generated, and these solutions are improved by a Tabu search procedure
before being inserted in the memory.

Alonso et al. (2008) have developed a Tabu search algorithm for a vehicle routing
problem, which simultaneously considers multiple trips, periodicity in deliveries, and
vehicle accessibility in the problem.

Although it is not explicitly mentioned in the text as a vehicle routing problem with
multiple trips, Bard et al. (1998a, 1998b) have studied the vehicle routing problem with
satellite facilities, which is a variant of vehicle routing problem with multiple trips. The
routing problem with satellite facilities is a multiple trip vehicle routing problem in a
sense that the vehicles will visit satellite facilities to replenish the supply and continue
their service until all customers assigned to them are served.
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Bard et al. (1998a) develop a branch and cut algorithm for the vehicle routing problem
with satellite facilities; demands of customers are known, and a homogeneous vehicle
fleet is considered. Vehicles start their routes at a central depot, and each vehicle will
visit a set of customers assigned to it and must return to the central depot before the
time limit. However, if the total demand of these customers exceeds the capacity of the
vehicle, instead of returning to the central depot to replenish the commodity, the vehicle
will visit a satellite facility for replenishment and will continue to visit the customers
assigned to it but not yet served. This sequence (visiting some customers and being
replenished at a satellite facility) will continue until all customers assigned to it have
been served, and the vehicle will terminate at the central depot. Each customer will be
visited once only. The supply of commodity is assumed to be unlimited at both the
central depot and satellite facilities; however, for modeling purposes (limiting the
number of binary variables and number of constraints), they limit the number of
replenishment visits of the vehicles to both the central depot and the satellite facilities.

Bard et al. (1998b) develop a decomposition approach to the inventory routing problem,
in which customers are selected for service over the planning horizon based on the
optimal refill frequency. These customers are assigned to a day within the planning
horizon such that the sum of incremental cost of assignment is minimized. Based on the
customers that need to be served for each day in the planning horizon, a vehicle routing
problem with satellite facilities is solved daily. A revised Clark and Wright algorithm,
GRASP (Greedy Randomized Adaptive Search Procedure), and a revised sweep
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algorithm have been used to solve this variant of the vehicle routing problem.

In all these VRPMT studies, vehicles will start from and terminate at the same depot.
However, in this study our heuristic can allow buses to be anywhere in or around the
network at the beginning of the evacuation operations, moreover, buses will terminate at
safe locations which could be different from their initial locations. In terms of problem
size, our study has handled the largest fleet size when compared to those in the VRPMT
literature; our heuristic has been applied to bus routing problem with 600 buses (200
public transit buses and 400 school buses), and 336 evacuation sites as well as 11
potential safe locations. Alonso et al. (2008) have solved a problem instance of multiple
trips vehicle routing problem with 1000 customers, a 6-day period, 13 vehicles and five
types of vehicles; this has the largest number of customers in the VRPMT literature.
Although our fleet size is much larger than that of Alonso et al., they have taken
periodicity in deliveries and vehicle accessibility into consideration in their study. By
taking all the possible combinations of problem features they have considered, their
problem size and ours are similar.
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In this study, we have made slight contribution to the development of Tabu search
technique for solving the vehicle routing problem with multiple trips. To the best of our
knowledge of the vehicle routing problem with multiple trips, only (Brandao and
Mercer, 1997; Alonso et al., 2008) have used a Tabu search technique to solve their
routing problems. The use of the Tabu search method in (Brandao and Mercer; Alonso
et al.) is to minimize cost, whereas our objective is to maximize the number of carless
evacuated. To achieve this objective, we have designed a procedure based on removal
and insertion moves to define the neighborhood of the current solution in the Tabu
search phase, such that the objective value of the problem can be improved as much as
possible in short time.

2.5 Tabu Search
The Tabu search technique has been used to solve the vehicle routing problem with
multiple trips as in (Brandao and Mercer, 1997; Alonso et al., 2008). Tabu search is a
memory-based meta-heuristic developed by Glover (1989, 1990) as a strategy for
solving hard combinatorial optimization problems. The Tabu search heuristic has two
phases, namely an initial phase and Tabu search phase. An initial solution is produced in
the initial phase. Different search techniques may be applied to explore the solution
space during the Tabu search phase with an aim to find a better solution (or optimal
solution) for the problem. The Tabu search technique will be used to solve the bus
routing problem in this study. The following is a review of the Tabu search technique.
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Tabu search consists of a number of elements; they are the neighborhood structure, Tabu
list, aspiration criteria, intensification, diversification and allowing infeasible solutions.
The following brief description on each of these elements is based on (Gendreau, 2002;
Glover and Laguna, 2009; and Hertz et al., 2009).

2.5.1 Neighborhood Structure and Tabu List
Tabu search performs a search by building a neighborhood around the current solution
and iteratively moving from the current solution S to another solution S’ in the
neighborhood of S. To prevent cycling, the Tabu list is used so that the search procedure
can move away from the local optimal solution by allowing non-improving moves. The
Tabu list is perhaps the most important memory structure of Tabu search; the list is a
short term memory mechanism to prevent the search from returning back to the local
optimal solution that has just been visited. When a move becomes Tabu, then it is
placed on the Tabu list for a pre-specified number of iterations (the Tabu tenure).

2.5.2 Aspiration Criteria
The Tabu list may prohibit the search from taking attractive moves which lead to a
solution better than the best known solution. Therefore, a Tabu move can be overridden
if a better solution than the current best one can be found by taking that move. The
concept of overriding a Tabu move is called aspiration criteria.
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The neighborhood structure, Tabu list and aspiration criteria are the elements in the
simple Tabu search procedure. Intensification, diversification and allowing infeasible
solutions are additional elements that can be included in the search strategy to make the
procedure more effective.

2.5.3 Intensification
The idea behind the intensification strategy is to explore attractive regions more
thoroughly with the hope that a better solution than the current best known solution can
be found. There are several ways to implement the intensification strategy; for example,
by searching solutions that are adjacent or close to the elite solutions by means of
standard move mechanisms with some adjustments (e.g. by reducing the size of the
Tabu list, or reducing Tabu tenures of the Tabu moves). The other approach is to record
a number of iterations that various solution components have been included in the
current solution; then the normal search process will be interrupted to perform the
intensification phase. A common intensification approach is to “freeze” these attractive
solution components in the current solution or in the best known solution and to restart
the search from the modified solution. Or, one may form a set of elite solutions and use
the good attributes of some of these elite solutions as a basis to create a new solution
and search from this newly created solution. Intensification is not always necessary; this
is because the normal search process is often thorough enough.
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2.5.4 Diversification
In order to avoid spending too much time searching in a restricted portion of the
solution space, diversification is a technique which forces the search process to explore
different parts of the solution space with the hope that a more promising solution can be
found. One of the major diversification techniques is called restart diversification which
imposes some rarely used components in the current or the best known solution and
restarts the search from this new point.

2.5.5 Allowing Infeasible Solutions
Allowing an infeasible solution is also a diversification technique in which a subset of
problem constraints are relaxed and weighted penalties for the constraint violations are
added to the objective function. Weights for constraint violations are adjusted
dynamically on the basis of the recent history of the search; that is, weights are
increased if all recent solutions found were infeasible, whereas weights are decreased if
all recent solutions found were feasible. This mechanism is called self-adjusting
penalties. Penalty weights can also be updated dynamically to make the search process
oscillate between feasible and infeasible regions of the problem, and thus achieve
diversification. This technique is known as strategic oscillation.
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CHAPTER 3

LOCATION PROBLEM: CONGREGATING THE CARLESS

This chapter discusses the model formulation for the location problem on congregating
the carless, the solution technique for solving the model, and a case study application of
the model to the Tucson metropolitan area.

3.1 Model Formulation
In the evacuation planning zone (EPZ), suppose there are m potential locations where
evacuation sites can be set up; and, subject to a walking time limit (or distance), there
are n small zones covered by these locations. For each potential location, there is a
limit on how many carless can be congregated if an evacuation site is established.
Furthermore, there are three day types in a week (weekday, Saturday and Sunday), and
each day type is divided into a number of time periods: Lr time periods on a weekday,
Lsat time periods on Saturday and Lsun time periods on Sunday. Therefore, there are
L = Lr + Lsat + Lsun types of time periods in a week.

The objective of the location problem is to create a set of evacuation sites where the
carless may congregate. The criterion to choose sites is to minimize the sum of expected
walking time (of the carless from their current zones to the evacuation sites) and of
setup costs of evacuation sites. Constraints on this problem include the following:
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(1) each zone must be assigned to a single location where an evacuation site is set up;
(2) a zone can be assigned to a location only if an evacuation site is set up at that
location; and,
(3) for each evacuation site, the assignment of the demand of zones to the evacuation
site must be less than the site capacity during all different periods of a day and
different days of a week, as an evacuation can happen at any time of a week.

In this problem, there are two types of decision variables: first is the decision of
locations of evacuation sites (implicitly determine how many evacuation sites need to
be set up); and second is the assignment of zones to these evacuation sites. These two
types of variables are binary. The following is the mathematical formulation of this
problem.

We define the following notation:
N ikr : demand of zone i at period k r on weekday

N iksat : demand of zone i at period k sat on Saturday
N iksun : demand of zone i at period k sun on Sunday
D : a set that contains all day types of a week, D = {r , sat , sun}

Wkd : weight (portion of 24 hours) of period k d on day type d ∈ D
Ld

where

∑ Wk

kd =1

d

= 1 , ∀d ∈ D
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WN i : weighted demand of zone i over different periods of a day and different days
of a week
5 Lr
1 Lsat
1 Lsun
WN i = ∑ Wkr N ikr + ∑ Wksat N iksat + ∑ Wksun N iksun
where
7 kr 1 =
7 ksat 1 =
7 ksun 1
=
cap j : capacity of evacuation site j
t ij : walking time from zone i to location j
f j : setup cost if an evacuation site is set up at location j

i = 1,2,3,..., n; j = 1,2,3,..., m; k d = 1,2,3,..., Ld ; ∀d ∈ D

Tu : walking time limit from zones to evacuation sites

1
cij = 
M

, if t ij ≤ Tu
, otherwise

where M is a large positive integer

Decision variables for the problem:

1 , evacuation site is set up at location j
yj = 
otherwise
0 ,
1 , zone i is assigned to evacuation site at location j
xij = 
otherwise
0 ,
An 0-1 integer programming model has been formulated for the location problem,
which is a capacitated facility location problem. The model is as follows (P1):
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n

P1:

m

m

min z = ∑ ∑ WN i ⋅ t ij ⋅ cij ⋅ xij + ∑ f j y j
i =1 j =1

j =1

m

Subject to

∑x
j =1

ij

= 1, i = 1,2,...n

(1)

xij ≤ y j , i = 1,2,...n; j = 1,2,...m

(2)


xij ≤ cap j 
i =1

n
=
2,..., m; kr 1, 2,..., Lr ;
j 1,=

N iksat xij ≤ cap j  ,
∑
=
2,..., Lsat ; k sun 1, 2,..., Lsun
i =1
 k sat 1,=
n

N iksun xij ≤ cap j 
∑
i =1


(3)

{xij , y j } are binary

(4)

n

∑N

ikr

Constraints in (1) ensure that every zone will be assigned to exactly one evacuation site.
Constraints in (2) ensure the assignment of zone i to an evacuation site j will take
place only if an evacuation site is set up at location j . Constraints in (3) ensure that the
capacities of the evacuation sites will not be violated during any period of a day or any
day of a week. Constraints in (4) ensure all decision variables are binary. Problem P1 is
a variant of the Single Source Capacitated Facility Location Problem (SSCFLP), in
which extra constraints (3) ensure capacities of all evacuation sites will not be violated.
As discussed in Chapter 2, the solution technique for solving the traditional SSCFLP
with slight modifications will be used to solve problem P1.
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3.2 Solution Heuristics for Solving the SSCFLP
Lagrangean heuristics have been one of the most commonly used and successful
approaches to solve the SSCFLP (Barcelo and Casanovas, 1984; Klincewicz and Luss,
1986; Pirkul, 1987; Sridharan, 1993; Beasley, 1993; Agar and Salhi, 1998; Hindi and
Pienkosz, 1999; Holmberg et al., 1999; Cortinhal and Captivo, 2003; Chen and Ting,
2008). Usually customer assignment constraints are relaxed (Barcelo and Casanovas,
1984; Pirkul, 1987; Sridharan, 1993; Agar and Salhi, 1998; Hindi and Pienkosz, 1999;
Cortinhal and Captivo, 2003). However, relaxation of the customer assignment
constraints requires solving a set of knapsack problems corresponding to all potential
facilities. The problem size in our case study has 2511 potential facilities, and the
number of customer locations (zones) could be as many as 859. The knapsack problem
is an NP-hard combinatorial optimization problem; it would be computationally
burdensome to relax customer assignment constraints resulting in such a large number
of knapsack problems. Therefore, the facility capacity constraints of problem P1 have
been relaxed, resulting in a subproblem – an uncapacitated facility location problem –
P2, as follows.
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P2:
=
min z
=

n

m

m

Ld

n

∑∑WN t c x + ∑ ∑ ∑ λ (∑ N
i=
1 j=
1
n m

i ij ij ij

∑∑ (WN
i=
1 j=
1

i

i=
1

m

ikd

xij − cap j ) + ∑ f j y j
j=
1

m

Ld

m

⋅ tij ⋅ cij + ∑ ∑ N ikd ⋅ λkd j ) ⋅ xij − ∑ ∑ ∑ λkd j ⋅ cap j + ∑ f j y j
d ∈D kd =
1

m

Subject to

j=
1 d ∈D kd =
1
Ld

kd j

∑x
j =1

ij

j=
1 d ∈D kd =
1

j=
1

= 1, i = 1,2,...n

xij ≤ y j , i = 1,2,...n; j = 1,2,...m
{xij , y j } are binary

Where λk

d

j

is a non-negative Lagrange multiplier associated with the capacity

constraint of facility location j at period k d on d ∈ D .

The solution approach developed by Klincewicz and Luss (1986) for SSCFLP is used to
solve problem P1, in which the facility capacity constraints will be relaxed. Klincewicz
and Luss develop a Lagrangian relaxation heuristic in which, for a given set of
Lagrange multipliers associated with the relaxed capacity constraints, the dual-based
procedure developed by Erlenkotter (1978) is used to solve the subproblem P2 – UFL
problem. The Lagrangian relaxation heuristic aims at finding values of the Lagrange
multipliers such that the solution to the subproblem P2 is feasible to the problem P1 and
closes the gap between the best known lower and upper bounds of the objective value of
problem P1.
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With a set of newly updated Lagrange multipliers, the dual ascent and dual adjustment
procedures developed by Erlenkotter (1978) (without branch and bound) are used to
solve the subproblem P2. The UFL problem is relaxed to a linear programming
(minimization) problem, and a condensed dual problem (maximization) of the LP is
formulated. The dual ascent procedure is used to increase the values of the dual
variables as much as possible, given that the constraints associated with the dual
variables are not violated. Erlenkotter (1978) provides a mechanism to derive the primal
solution from the dual solution; the derived solution is an integer primal solution and is
feasible to the original UFL problem. If the complementary slackness conditions are
satisfied with the primal and dual solutions, then the primal and dual solutions are
optimal; otherwise, a dual adjustment procedure is initiated, in which values of dual
variables that violate the complementary slackness conditions are decreased. For each
decrease of a dual variable, a dual ascent procedure is called to increase value(s) of the
other dual variable(s) by absorbing the decrease; the unabsorbed decrease (if there is
any) will be taken up by the original dual variable in the second call of the dual ascent
procedure.

62

An initial add heuristic is used to find the initial feasible solution to problem P1, which
provides the initial best known upper bound for problem P1. The add heuristic opens
one facility at a time from those unopened facilities, and adds it to the set of open
facilities K, until the total capacity of the open facilities (supply) is greater than demand.
Customers are ordered based on descending cost differentials of their best and second
best assignment in K. Then, each customer is ranked in descending order, based on the
minimum assignment cost, and then are assigned in order to a facility among those
facilities in K with sufficient remaining capacity. If for some ordered customer, no
feasible assignment is possible, then one more facility will be added to K, and the
assignment process repeats (i.e. rank the customers and assign them to facilities in K).
Otherwise, a feasible assignment (solution) has been found; we remove the facilities in
K to which no customer has been assigned, and these facilities will not be re-entered in
K in future iterations. Another facility is opened, and we repeat the assignment process
if there is improvement on the initial best known upper bound; otherwise, we stop.

The customer assignments are made on the basis of the original assignment costs plus a
term related to the product of the Lagrange multiplier and the customer demand in the
Lagrangian relaxation subproblem. However, the actual assignment cost is simply the
original assignment cost. A final adjustment heuristic identifies this property and
reassigns customer(s) to other open facility/facilities with lower cost if such
reassignment(s) is/are possible.
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3.3 Case Study – Application to the Tucson Metropolitan Area
The Tucson area has an estimate of 60,000 carless people. For our study, the area is
partitioned into 859 zones (traffic analysis zones), of which 727 zones have positive
demand. There are 2511 potential locations where evacuation sites can be set up. For
most of these locations, the capacity is set at 600 persons, with the rest set to 680
persons. This capacity setting results in a reasonable number of evacuation sites opened
to cover the demand of zones. Moreover, there are some zones which have demand at
around 650 carless persons; if capacity of these locations is set at a level lower than 650,
this will result in infeasible solution in the sense that the model is unable to produce a
single source assignment of the demand from zones to evacuation sites. A day is divided
into two periods, daytime and nighttime, and daytime runs from 8am – 5pm and
nighttime is the remaining time. These two periods cover the demands of work and
non-work segments of a day. For each zone, the nighttime demand of the zone on a
weekday is used as the demand of the zone of both periods (daytime and nighttime) on a
Saturday and a Sunday. This assumes that the carless do not go to work on Saturday and
Sunday.

The nighttime demand of carless persons in each zone is estimated based on the number
of zero-vehicle households in the zone, multiplied by the average number of persons in
each zero-vehicle household. In this case study, estimates of zero-vehicle households
and the number of persons in each traffic analysis zone (TAZ) in the Tucson area were
taken from data published by the Pima Association of Governments (PAG), through the
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Pima County Land Information System (2007). Data from the 2000 US Census
Journey-to-Work (CTPP, 2007) was used to determine the daytime population. The
procedure used the Census Table PHC-T-40, “Estimated Daytime Population and
Employment-Residence Ratios: 2000.” This table gives the daytime population by
selected geographies, by state. The geographies are fairly large, with 13 geographical
regions covering the full Tucson area. The employment-residence ratios were applied to
all TAZs (traffic analysis zones) within each geographic region in the Tucson
metropolitan area, to determine the daytime population in each TAZ.

The model has been run under different combinations of facility setup costs f j and
walking time limit Tu . For the facility setup cost, 1000, 2000 and 3000 minutes are
considered; while for the walking time limit, 10, 15 and 20 minutes are considered. In
the case of the walking time limits, these limitations result in a total coverage of 555,
646 and 674 zones with positive demand, respectively. The number of carless persons
left behind are 4375, 1466 and 923 if the emergency takes place during daytime on a
weekday, whereas if the emergency happens during nighttime on a weekday, the number
of carless persons left behind are 4567, 1537 and 963, for the walking time limits of 10,
15 and 20 minutes, respectively. We use the nighttime demand of the carless during a
weekday as the carless demand of both periods (daytime and nighttime) on Saturday
and Sunday. Therefore, if the emergency takes place on either Saturday or Sunday, the
number of carless persons left behind are 4567, 1537 and 963 for the walking time
limits of 10, 15 and 20 minutes, respectively.
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3.3.1 An Analysis of the Period Effect
We first study the period effect, that is, how will the change of demand across different
periods of a day affect the objective value and number of evacuation sites opened. The
single period versus two periods are considered for the analysis. The single period
scenario is based on nighttime demand data alone, applied for the whole day and for all
days of the week. The two-period scenario is based on both daytime and nighttime
demand data, applied for weekdays. Tables 3, 4 and 5 show the results of the
comparison with 1000, 2000 and 3000 minutes setup cost for each evacuation site,
respectively. In each of these tables, the results are compared by a pair of columns for
the walking time limit of 10, 15 and 20 minutes, respectively. For example, in Table 3,
given the setup cost is 1000 minutes, the 2nd and 3rd columns compare the results
between the single period and two period input data for the 10 minute walking time
limit. In contrast, the 4th and 5th columns are for 15 minutes of walking time, and the 6th
and 7th columns are for 20 minutes of walking time. In the tables, (x,y) represents the
number of periods (x) and the walking time (y). For the number of periods, S = Single
period (nighttime), Tw = Two periods (daytime and nighttime). Z_l* and Z_u* represent
the best known lower and upper bounds found from the Klincewicz and Luss heuristic.

 u1 
In addition, in the last row of the tables,   represents the number of carless persons
 u2 
not covered if evacuation happens at daytime (u1 ) and nighttime (u 2 ) during a
weekday. Since we use carless demand at nighttime during a weekday as the demand of
both periods (daytime and nighttime) on Saturday and Sunday, u 2 also represents the
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number of carless persons not covered on both Saturday and Sunday for the two period
scenario. On the other hand, the carless demand at nighttime during a weekday is used
for the whole day and for all days of the week for the single period scenario, therefore,

u 2 represents the carless demand not covered at any time for single period scenario.
The interpretation is the same for Tables 4 and 5, except that the tables present the
results for 2000 and 3000 minutes setup cost, respectively.

Table 3. Facility setup cost of 1000 minutes
(S,10)
(Tw,10) (S,15)
(Tw,15)
Z_u*(10^6)
0.65629 0.66722 0.72137 0.7356
Z_l*(10^6)
0.64887 0.65284 0.70792 0.71321
Z_u*/Z_l*
1.0114
1.022
1.0190
1.0314
Number of evacuation 381
386
393
396

(S,20)
0.71497
0.70508
1.014
362

(Tw,20)
0.72874
0.70893
1.0279
366

963

 923 


 963 

Table 4. Facility setup cost of 2000 minutes
(S,10)
(Tw,10) (S,15)
(Tw,15)
Z_u*(10^6)
1.0322
1.0494
1.0962
1.1093
Z_l*(10^6)
1.0271
1.0314
1.0818
1.0836
Z_u*/Z_l*
1.00497 1.01745 1.0133
1.0237
Number of evacuation 369
374
364
368

(S,20)
1.0863
1.045
1.0395
328

(Tw,20)
1.1095
1.0469
1.0598
336

sites opened
Demand not covered

963

 923 


 963 

sites opened
Demand not covered

4567

4567

 4375 


 4567 

 4375 


 4567 

1537

1537

1466 


1537 

1466 


1537 
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Table 5. Facility setup cost of 3000 minutes
(S,10)
(Tw,10) (S,15)
(Tw,15) (S,20)
Z_u*(10^6)
1.4052 1.4235
1.4605 1.489
1.5325
Z_l*(10^6)
1.3947 1.3961
1.4393 1.4428
1.3526
Z_u*/Z_l*
1.0075 1.01963 1.0147 1.032
1.1330
Number of evacuation
370
374
352
361
323
sites opened
Demand not covered

4567

 4375 


 4567 

1537

1466 


1537 

963

(Tw,20)
1.5063
1.3603
1.1073
348

 923 


 963 

It can be seen that the two-period case requires opening more evacuation sites than the
single-period case. This is because there are two sets (one for daytime and the other for
nighttime) of demand that need to be considered in the assignment of zones to
evacuation sites in the two-period case. Consequently, the two-period case has a higher
objective function value (cost) than that of the single-period case. This phenomenon is
true for all scenarios, except when the setup cost is 3000 minutes and the walking time
limit is 20 minutes. In this case, the number of evacuation sites opened in the
two-period case is more than that in the single-period case; however, the objective value
of the two- period case is lower than that of the single-period case. Note, the output in
the last column of Table 5 is based on the initial add heuristic, which has a better
objective value than that produced by the Lagrangian relaxation heuristic.

Unless specified, all computational results and analyses are based on the two-period
demand data below.
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3.3.2 Performance of the Proposed Solution Heuristics
Table 6 shows the computational outputs of different combinations of walking time
limit and setup cost. In this table, (x,y) represents a combination, where x represents the
walking time limit and y represents the setup cost. From the table, we can see that in
most combinations the gap between the upper and lower bounds is around or within 3%
of the best known lower bound, except in the combinations (20,2000) and (20,3000), in
which (20,2000) is just within 6% of the best known lower bound, whereas (20,3000) is
around 11% of the best known lower bound.

Table 6. Outputs of different combinations of walking time limit and setup cost
Z_u*(10^6)
Z_l*(10^6)
Z_u*/Z_l*
(10,1000)
0.66722
0.65284
1.022
(10,2000)
1.0494
1.0314
1.01745
(10,3000)
1.4235
1.3961
1.01963
(15,1000)
0.7356
0.71321
1.0314
(15,2000)
1.1093
1.0836
1.0237
(15,3000)
1.489
1.4428
1.032
(20,1000)
0.72874
0.70893
1.0279
(20,2000)
1.1095
1.0469
1.0598
(20,3000)
1.5063
1.3603
1.1073

3.3.3 Analyses on Objective Values & Number of Evacuation Sites Opened, and a
Discussion on Uncovered Demand
Table 7 summarizes the objective values for different combinations of walking time
limit and setup cost. These are identical to the values of Z_u* in Table 6.
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10
15
20

Table 7. Objective values of different combinations
1000
2000
3000
0.66722x10^6
1.0494x10^6
1.4235x10^6
0.7356x10^6
1.1093x10^6
1.489x10^6
0.72874x10^6
1.1095x10^6
1.5063x10^6

From Table 7, we can see that given a fixed walking time limit, the objective value
increases as the setup cost increases; this is because the model tends to open more
evacuation sites when the setup cost is low (see columns 2 – 4 in Table 8), in other
words, it might give the model a higher chance to assign each zone to an evacuation site
with lower cost when compare with the case where the setup cost is higher; therefore
the total assignment cost for the case with lower setup cost is less than that with higher
setup cost.

Again in columns 2 – 4 in Table 8, for a given setup cost, the number of evacuation sites
opened decreases as the walking time limit increases, although there is exception –
when the setup cost is 1000 minutes; nevertheless, the pattern is obvious. This is
because each evacuation site can cover more zones when the walking time limit
increases; in other words, fewer evacuation sites need to be set up and thus save cost on
setting up extra evacuation sites.

We are also interested in knowing the number of carless persons left uncovered for
different values of the walking time limits; column 5 in Table 8 shows the number of
uncovered zones for each of the walking time limit. Let daytime and nighttime be
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 ρ1 
period 1 and period 2 of a day respectively. Define   as a vector of total
 ρ2 
uncovered demand; where ρ1 and ρ 2 represent the total uncovered demand at period
1 and period 2 of a weekday, respectively. In the meantime, ρ 2 also represents the
total uncovered demand of whole day of both Saturday and Sunday. Column 6 in Table
8 shows the total uncovered demand on period 1 and period 2 of a weekday of the
uncovered zones.

Table 8. Number of evacuation sites opened and uncovered zones, and total uncovered
demand
1000 2000 3000 Number of uncovered Total uncovered demand on
zones that have positive period 1 and period 2 of a
demand
weekday of the uncovered
zones
10
386
374
374 172
 4375 


 4567 
15
396
368
361 81
1466 


1537 
20
366
336
348 53
 923 


 963 
Note: The total uncovered demand on period 2 of a weekday also represents that of the
whole day of both Saturday and Sunday

In this study, we expect that the carless can walk from their current locations to the
designated evacuation sites for transportation. Therefore, it is necessary to set a walking
time limit for the carless; in the location problem we have considered walking time
limits of 10, 15 and 20 minutes respectively. It can be seen that

71

the uncovered carless demand decreases as the walking time limit increases, in which
20 minutes results in the least number of carless persons uncovered, of the considered
walking time limits. An analysis has been done to study the geographical locations of
these uncovered zones; the results show that for each walking time limit, most of the
uncovered zones are far away from the majority of the carless population. Moreover,
analysis shows that among these uncovered zones, more than 55%, 65% and 70% of the
zones have fewer than 20 carless persons for walking time limits of 10, 15 and 20
minutes, respectively. Refer to APPENDIX A for the details of this analysis. Refer to
section 4.7 in Chapter 4 for a discussion on how the objective value (to evacuate as
many carless persons as possible within the time limit) of the routing problem is
affected if the uncovered zones are covered for a 20-minute walking time limit.

3.3.4 Spatial and Geographic Analysis
In this section, we interpret the computational results geographically. As mentioned
before, the capacity of most potential locations for establishing evacuation sites is set at
600; we define a zone as a high demand zone if its demand is at least one-third of the
capacity of an evacuation site (200 persons or more). Table 9 shows the number of
evacuation sites opened for a setup cost of 1000 and 2000 minutes, respectively, given
that the walking time limit is 20 minutes.

Table 9. Number of evacuation sites opened
1000
2000
20
366
336
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Figure 1. Comparison of opened evacuation sites between combinations
(20,2000) and (20,1000)

Represents an opened evacuation site with 2000 minutes setup cost
Represents an opened evacuation site with 1000 minutes setup cost



Represents a common evacuation site opened for comparing
scenarios (20,1000) and (20,2000)
Represents a high demand zone
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From Table 9, we know that the 1000-minute case has 30 more evacuation sites opened
than that of the 2000-minute case. In Figure 1, it can be seen that the two cases have
common evacuation sites opened in the outer areas, whereas most of the difference
takes place in the region with high demand zones toward the center of the region, and
almost all of the extra opened evacuation sites for the 1000-minute case are located in
the center. This is because by locating those extra evacuation sites in the 1000-minute
case in the high demand region, the carless will take a shorter time to walk to the
designated evacuation sites, and therefore can reduce the total assignment cost
significantly (as can be seen on the last row in Table 7).

We next investigate the period effect geographically. Table 10 shows the number of
evacuation sites opened for the 20-minute walking time limit and 2000-minute setup
cost case of single period (nighttime), as well as the two periods (daytime and
nighttime).

20

Table 10. Number of evacuation sites opened
2000 (nighttime)
2000 (daytime and nighttime)
328
336
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Figure 2 shows the commonality and difference of locations of evacuation sites opened
for these two cases. Again, the majority of common locations happens in the outer area
of the Tucson region. The difference and extra evacuation sites opened for the
two-period case occur in the high demand region toward the center of the region. This
occurs because of the inclusion of demand in the daytime period, which has higher
value than its nighttime counterpart in this part of Tucson. For the two-period case, the
capacity constraints of the opened evacuation sites must be respected for the assignment
of demand of zones to evacuation sites on both daytime and nighttime periods
simultaneously. Therefore, the extra evacuation sites opened for the two-period case are
to ensure demand of all zones will be covered without violating the capacity constraints
of the evacuation sites; in particular, these extra evacuation sites are located at the high
demand area.
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Figure 2. Comparison of opened evacuation sites of the combination (20,2000) with
single period (nighttime) and two periods (daytime and nighttime) demand
data

Represents an opened evacuation site of the Two periods case
Represents an opened evacuation site of the Single period case



Represents a common evacuation site opened in both cases
Represents a high demand zone
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3.3.5 Sensitivity Analyses
Sensitivity analysis has been done to see how the change of capacity of the evacuation
sites affects the objective value and the number of evacuation sites opened. The analysis
is based on the combination of the 20-minute walking time limit and the 2000-minute
setup cost. The values of capacity of the evacuation sites are varied among 600/680 (the
original capacity setting), 800, and 1000 persons. Table 11 shows the objective values
and number of evacuation sites opened for these different site capacities.

Table 11. Outputs of the capacity sensitivity analysis
Capacity
600/680
800
1000
Objective value
1.1095x10^6 1.0565x10^6 1.0551x10^6
Number of evacuation 336
325
324
sites opened

It can be seen that there is an obvious drop in both the objective value and number of
evacuation sites opened when the capacity is increased from 600/680 to 800. This is
because with the increase in capacity of an evacuation site, each opened evacuation site
can accommodate demand from more zones, and thus reduce the number of evacuation
sites required. The increase also provides some zones the opportunity to be assigned to
evacuation sites with lower cost. However, there is not much improvement when the
capacity of evacuation sites is increased further from 800 to 1000. In other words,
further increases in the capacity of the evacuation sites do not improve the objective
value.
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Given that the walking time limit is 20 minutes, sensitivity analysis has been done on
the assignment pattern for each zone i to an evacuation site at location j ( xij = 1)
when there is a change in setup cost and capacity. We note that 674 zones are covered
when the walking time limit is 20 minutes; therefore it is expected that

∑x

ij

= 674 .

(i , j )

Let ( S , C ) represent a combination of setup cost S and capacity C of an evacuation
site. The combination (2000, 600/680) is used as a baseline scenario in the analysis.
Table 12 shows the number of common assignments ( xij = 1) when different
combinations of S and C are compared with the baseline scenario.

Table 12. Number of common assignments ( xij = 1)
Comparing combinations
Number of common
( xij = 1)

C1
C2
C3

(2000,600 / 680) vs (1000,600 / 680)
(2000,600 / 680) vs (2000,800)
(2000,600 / 680) vs (2000,1000)

482
529
515

In row C1, when the setup cost is decreased from 2000 minutes to 1000 minutes, it
causes 192 zones to be assigned to other evacuation sites; this is because more
evacuation sites are opened for the 1000-minute case. In other words, each zone is
covered by more evacuation sites when compared with 2000 minutes, and thus some
zones can be assigned to evacuation sites with lower cost. In row C2, there are 145
zones assigned to other evacuation sites when the capacity of the evacuation sites is
increased from 600/680 to 800; this is because the increase in capacity allows some
zones to be assigned to evacuation sites with lower cost. As shown in rows C2 and C3,
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further increases in the capacity do not cause a significant change in the assignment
pattern; this indicates that a further increase in capacity does not significantly improve
the objective value.

Sensitivity analysis has also been done to see how the period effect affects the
assignment pattern of zones to evacuation sites. Again, the walking time limit is 20
minutes and the study is based on the combination (2000, 600/680) for both the single
period and two- period demand data. The number of common assignments ( xij = 1)
between the single-period and two-period scenarios is 562. Hence, there are 112 zones
that are assigned differently in the single-period and two-period scenarios. This means
that the period effect does significantly affect the assignment pattern among zones in the
Tucson region.

3.4 Chapter Summary
With the carless scattered across the affected area, this chapter considers part of the
overall strategy to efficiently and effectively evacuate the carless away from harm
during an emergency. The problem of congregating the carless at evacuation sites has
been formulated as a Single Source Capacitated Facility Location Problem (SSCFLP). A
Lagrangian relaxation heuristic developed by Klincewicz and Luss (1986) has been
used to solve the problem, in which the Uncapacitated Facility Location (UFL) problem
is solved by a dual-based procedure developed by Erlenkotter (1978). Different
combinations of walking time limit and setup cost have been considered; the proposed
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method works well to the problem in almost all of the combinations. The period effect
of the carless demand has been studied; computational results show that more
evacuation sites are set up when multiple periods are included in the model,
consequently resulting in a higher objective value. The lone exception is in the
combination when the walking time limit is 20 minutes and facility setup cost is 3000
minutes. Geographical analysis shows that whenever there are additional evacuation
sites set up, the location model tends to locate these sites in the region with high
demand zones. In our numerical study for the Tucson metropolitan region, we have
uncovered zones where the demand of the carless is not covered. Analysis shows that
most of these zones are far from the majority of the carless population; moreover, more
than half of these zones each has carless demand less than 20 persons. In addition, an
analysis has been conducted to see how the objective value of the routing problem will
be affected if the uncovered zones are considered in the routing strategy, for the 20
minute walking time case. These results appear in the next chapter (Chapter 4).
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CHAPTER 4

ROUTING PROBLEM: ROUTING BUSES

This chapter focuses on the bus routing problem during the carless evacuation. In this
problem, a Tabu search heuristic is developed to obtain itineraries of buses to pick up
the carless at evacuation sites and transport them to safe locations, with an objective to
maximize the number of carless evacuated within a given time limit. The Tabu search
heuristic requires locations of buses at the beginning of the evacuation and their
remaining capacities as part of the inputs, which however, will not be exactly known
until the evacuation occurs. Therefore, the routing problem is solved separately from the
location problem. This routing problem will be solved at the time when evacuation is
necessary, and is expected to produce the routing strategy of buses in a short
computational time (e.g. 5 minutes), so that instructions can be given to bus drivers
promptly.

In this chapter, the Tabu search heuristic will be presented first; then data required for
implementing the heuristic will be discussed; and computational results will be
presented to demonstrate the performance of the Tabu search heuristic. Further
sensitivity analysis shows that, for a given time limit for evacuation, the choice of 𝛼𝛼 - a
parameter in determining the number of buses to be sent to evacuation sites in the initial
heuristic - will have a significant impact on the objective value of the routing problem.
This suggests that the corresponding best α for a particular given time limit should be
used, such that the best objective value can be obtained. Furthermore,
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an analysis on effect of considering the uncovered zones in the routing strategy has been
done. The analysis is based on the uncovered zones resulting from a 20 minute walking
time limit. Preliminary computational results show that for some time limits,
considering the uncovered zones in the routing strategy could lead to more carless
persons being evacuated (i.e., a better objective value of the routing problem).

4.1 The Tabu Search Heuristic
The Tabu search heuristic has two phases: the initial solution phase which produces the
initial itineraries of buses, and a Tabu search phase which complements the initial
solution phase to further improve the objective value. The following is a discussion of
the Tabu search heuristic for this study.

4.1.1 Initial Solution Phase: Phase 1 and Phase 1(GP)
The role of initial solution phase is to produce the initial itineraries of buses (an initial
solution) for the carless evacuation problem, which then serves as a starting point of the
Tabu search phase. We assume that the evacuation may start at any time, so buses may
already be in service. As a result, passengers may already be on board the buses. We
assume these people will need to be evacuated, as well as the carless persons at the
evacuation sites.

The initial solution phase starts with Phase 1, in which the actual assignment of specific
buses to each evacuation site has two steps. In the first step,

82

if a bus has a very small remaining capacity because of the number of people already on
board when the evacuation begins, then the bus will be sent directly to the closest
available safe location. For our preliminary study, we decided that any bus with 4 or less
available spaces would be sent directly to the closest available safe location. Results of
an analysis show that, as a whole, the objective value of sending these buses directly to
the closest available safe locations performs better than that of allowing them to visit an
evacuation site first before traveling to a safe location. We also conducted a sensitivity
analysis of the effect of remaining capacity on the objective value. Our preliminary
results show that this criterion – any bus with 4 or less available spaces would be sent
directly to the closest available safe location – is a good choice. Refer to APPENDIX B
for the details of the analysis.

The second step is the assignment of buses (including those have been sent directly to
safe locations in the first step) to evacuation sites. The assignment procedure is as
follows. The evacuation sites are ranked in descending order, based on remaining
demand at each evacuation site. The number of buses to be sent to each evacuation site
is determined as the ceiling of dividing the remaining demand by twice the bus capacity;
this gives fairness in the distribution of resources (number of bus visits) to the
evacuation sites, especially to those sites with lower carless demand. The assignment is
based on the earliest arrival time of the buses to the evacuation sites. Once the bus has
arrived at the evacuation site to pick up the carless, the bus will then go to the closest
available safe location. Note, such assignment is constrained, in that the trip time from
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the current bus location to the evacuation site, and then to the closest available safe
location, is less than or equal to the remaining time of the bus for the evacuation.

The assignment procedure of buses to evacuation sites is repeatedly performed – the
evacuation sites will be re-ranked in descending order of remaining demand, and
another bus assignment is performed, as long as there is an improvement in the
objective value of the problem after each cycle of bus assignment. Otherwise
(considering all evacuation sites), if no direct improvement is found, we terminate the
bus assignment procedure.

After termination of the bus assignment procedure in Phase 1, there might be some
buses that have not been initiated to either evacuation sites or to safe locations. We call
these “uninitiated buses.” Computational experience shows that this phenomenon
usually happens when the time allowed for the evacuation is very short. These
uninitiated buses can be classified into two types – “dead buses” or “unmoved buses”. A
“dead” bus is a bus that cannot reach the closest safe location within the evacuation
time horizon. In this case, there is nothing can be done for the dead buses.

An “unmoved” bus is a bus which at least can reach the closest safe location within the
evacuation time horizon, without visiting any evacuation site. The reason that this type
of bus is not initiated is because it is too far from the majority of the evacuation sites; in
addition,
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the initial heuristic assigns buses to evacuation sites based on the earliest arrival time.
Though there might still be remaining demand at some evacuation sites, it is infeasible
for this type of bus to visit these evacuation sites, as it will require more time than the
evacuation time limit for the bus to visit any of these remaining evacuation sites and go
to the closest available safe location. Two approaches have been considered to handle
these unmoved buses, namely: (1) giving them priority over the other buses to be
assigned to evacuation sites if possible, or (2) sending them directly to the closest
available safe locations. Our study shows that the number of persons evacuated is higher,
as a whole, if one gives priority to the unmoved buses over the other buses in the initial
assignment. Refer to APPENDIX C for the analysis of these two approaches.

Figure 3 shows the scheme of the Phase 1 heuristic.
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If a bus has remaining capacity ≤ 4,
send the bus directly to the closest safe
location
Rank the evacuation sites in descending
order by the (remaining) demand
Bus Assignment Procedure:
For each evacuation site in order
- determine the number of buses to be
assigned to the site
- assign buses to the site based on the
earliest arrival time
Yes
Any improvement in the
objective value?
No
Check if there are any dead
and/or unmoved buses

Any
unmoved bus?

Yes
Any remaining
demand at the
evacuation sites?
Yes
Initiate Phase 1(GP)
Figure 3. Scheme of Phase 1 heuristic

Any remaining
demand at the
evacuation sites?

No

Yes
Initiate Tabu search Phase
No

No

Terminate the
procedure for
the routing
problem

Send the unmoved buses
to the closest available
safe locations, and
terminate the procedure
for the routing problem
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Therefore, a mechanism of giving priority to the unmoved buses has been built in the
Phase 1(GP) technique. This approach is similar to the normal Phase 1 technique,
except that before the regular bus assignment is finalized, a procedure attempts to assign
the unmoved buses (which are detected in Phase 1) to the evacuation sites. The
hierarchy of the procedure is as follows: (1) the unmoved buses are ranked in
descending order in terms of their remaining capacities; (2) for each unmoved bus, we
attempt to assign it to an evacuation site (which has remaining demand greater than or
equal to the remaining capacity of the unmoved bus) and to an available safe location,
such that the trip time, from the current location of the unmoved bus to the evacuation
site and to the available safe location, is minimal among all feasible pairs of an
evacuation site and an available safe location.

If no such pair of an evacuation site and an available safe location exists, then the
procedure will attempt to assign the unmoved bus to a pair of an evacuation site (which
has remaining demand less than the remaining capacity of the unmoved bus) and an
available safe location, such that remaining demand of the evacuation site is maximal
among all feasible pairs of an evacuation site and an available safe location. If there is
more than one evacuation site that has the same maximum remaining demand among all
feasible sites, then the unmoved bus will be assigned to the pair of an evacuation site
and an available safe location with minimum total trip time. If no such pair of an
evacuation site and an available safe location exists, then the unmoved bus will be sent
directly to the closest available safe location. This process will be repeated for all the
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unmoved buses. This is followed by the regular bus assignment procedure as described
in Phase 1. After termination of the bus assignment procedure, if there remain any (new)
unmoved buses, then these unmoved buses will be sent directly to the closest available
safe locations.

In summary, the flow of the initial solution phase is as follows. The Phase 1 heuristic
technique will be implemented first in the initial solution phase. If unmoved buses are
detected in Phase 1 and there is still some remaining demand at some evacuation sites,
then Phase 1(GP) will be implemented. However, if unmoved buses are detected, but
there is no remaining demand at evacuation sites after the completion of Phase 1, then
Phase 1(GP) will be not initiated and the unmoved buses will be sent directly to the
closest available safe locations. In this case, the Tabu search phase will not be initiated,
since all demand is accommodated, and the routing procedure ends. However, Phase
1(GP) will be initiated if unmoved buses are detected and there is still remaining
demand at some evacuation sites. In this case, the Tabu search phase will be initiated if
there is still remaining demand at some evacuation sites after the completion of Phase
1(GP); otherwise, the routing procedure ends. Figure 4 is a flow chart that shows the
flow of the initial solution phase.
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Implement
Phase 1

Any
unmoved
buses
detected?

Any remaining
demand at
evacuation stie?

No

Yes
Yes
Tabu search
phase is initiated
Any remaining
demand at
evacuation sites?

No

No

The Tabu search
phase is not initiated.
The routing procedure
ends.

Send the unmoved buses directly to
the closest available safe locations.
Tabu search phase is not initiated,
and the routing procedure ends.

Yes
Phase 1(GP)
Initiated

Any remaining
demand at
evacuation sites?

No

Yes
Tabu search
phase is initiated
Figure 4. Flow of the initial solution phase

Tabu search phase is not initiated.
The routing procedure ends.
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4.1.2 Tabu Search Phase: Phase 2
If the initial heuristic does not address all of the demand, a Tabu heuristic has been
developed to find the neighborhood of a current solution. In the Tabu heuristic, basic
removal and insertion operations are used. The following is a description of the
mechanism to create the neighborhood of the current solution.

4.1.2.1 Neighborhood Structure
A solution of the bus routing problem is a set of bus trips for all buses. The
neighborhood of the current solution is defined as follows. For each evacuation site, the
bus trips can be classified into two sets (group-1 and group-2); group-1 contains trips
that serve the evacuation site in the current solution (Archetti et al., 2006), whereas
group-2 contains those that do not. We attempt to remove the evacuation site from trips
in group-1, and insert the site into trips in group-2. The procedure is as follows. The
trips in group-1 are ranked in descending order, based on a criterion of a weighted sum
of time savings and number of persons removed when the evacuation site is removed
from a trip in group-1. For each (ordered) trip in group-1, we attempt to remove the
evacuation site, and insert it into a trip in group-2. If the removal and insertion is
successful, then the original trip in group-1 will be removed from group-1 and put into a
set called group-I. After all trips in group-1 have been considered for the removal and
insertion, it is possible there are two or more trips in group-1 that the removal and
insertion were unsuccessful. In this case, a second procedure then tries to remove the
evacuation site from a trip in group-1 and insert it into other trip(s) in group-1; if the
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site is inserted into more than one trip, then the number of persons will be split and
inserted into those trips starting from the bottom of the list of trips in group-1. Again, if
the removal and insertion is successful, then the original trip will be removed from
group-1 and put into group-I. The removal and insertion of the evacuation site among
trips in group-1 continue until no more removal and insertion is possible. After the
termination of removal and insertion of the evacuation site, we attempt to insert the
remaining demand of evacuation sites into trips in group-I. Note, insertion of the
evacuation site into the trips in group-I is a Tabu move.

This constitutes a solution in the neighborhood of the current solution. By applying this
procedure for all evacuation sites, then the neighborhood of the current solution can be
obtained. Therefore the cardinality of the neighborhood of the current solution is equal
to the number of evacuation sites of the problem. Figure 5 is a flow chart that shows the
procedure for the definition of neighborhood of a current solution.
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Given a current solution – a set of trips for all buses
For each evacuation site, classify the trips into two
sets (i.e., group-1 and group-2)
Based on a criterion, the trips in group-1 are ranked
in descending order
For each trip in group-1, attempt to remove the
evacuation site, and insert it into a trip in group-2
No
Is the removal and
insertion feasible?

No

Have all trips in
group-1 been
considered?
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Remove the trip
from group-1 and put it into group-I
No

Have all trips in group-1
been considered?
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Yes
If there is less than two trips that were unsuccessful in removal and insertion,
ignore this step; otherwise, attempt to remove the evacuation site from the trip in
group-1, and insert the site into other trip(s) in group-1. If the removal and
Yes trip will be removed from group-1 and
insertion(s) is feasible, then the original
put into group-I. Removal(s) and insertion(s) of the evacuation site among trips
in group-1 repeats until no more removal(s) and insertion(s) is possible.
Insert remaining demand of evacuation site into the trips in group-I.
Note: insertion of the evacuation site is a Tabu move

A solution of the
neighborhood of the
current solution is found

Is the evacuation
site the last?

No

The neighborhood
is found, terminate
Yes
the procedure
Figure 5. Flow-chart for neighborhood definition of current solution
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A solution which gives the maximum number of carless persons evacuated among all
solutions in the neighborhood of the current solution will become the next solution in
the search. The objective value of the newly found solution will be compared with the
objective value of the best solution, and the best solution will be updated if the new
objective value is greater than that of the current best solution.

4.1.2.2 Tabu Moves/Tabu Lists
Tabu moves are the removals and insertions of evacuation sites from and into bus trips,
respectively. Multiple Tabu lists have been used: there is a Tabu list for a removal move
and a separate Tabu list for an insertion move. There is no limit on the size of the Tabu
lists. However, when a move becomes a Tabu move, then this move is placed in the
corresponding Tabu list for a number of iterations (the Tabu tenure). For example, if an
evacuation site is removed from trip 1 and inserted into trip 2, then the move of
inserting the evacuation site into trip 1 is placed in the Tabu list for an insertion, and the
move of removing the evacuation site from trip 2 is placed in the Tabu list for a removal.
Both moves will be Tabu for a pre-specified number of iterations (the Tabu tenure).

4.2 Tabu Search Notation
The following is the notation for the Tabu search heuristic:

f : total number of carless evacuated from evacuation sites
g : total number of carless evacuated, g equals f plus the number of passengers
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(evacuated) that are already on board when emergency call is issued
n : number of evacuation sites
m : number of safe locations
K : number of buses

α : a parameter in determining number of buses to be sent to evacuation sites in the bus
assignment procedure in the initial heuristic; in this study 𝛼𝛼 = 2 has been used in

the computational analysis. A sensitivity analysis on 𝛼𝛼 has been done in section 4.6

capb : capacity of a bus

ES : a set of evacuation sites, i.e. ES = {1,2,..., n}
{d iR }in=1 : a set of remaining demands of the evacuation sites

S : a set of safe locations, i.e. S = {n + 1, n + 2,..., n + m}
+n
{c sR }m
s = m +1 : a set of remaining capacities of the safe locations

Κ : a set of buses, i.e. Κ = {1,2,..., k ,...K }

{bl k }kK=1 : a set of current locations of the buses
{bc kR }kK=1 : a set of remaining capacities of the buses
{bt kR }kK=1 : a set of remaining operation times of the buses
∆ : a bound on the bus residual capacity at the beginning of the evacuation operations

If bc kR ≤ ∆ , then bus k is sent directly to the closest available safe location.
Note: ∆ = 4 has been used in the computational analysis.
A preliminary sensitivity analysis on ∆ appears in APPENDIX B.
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pik : number of carless picked up at evacuation site i by bus k
q : number of carless sent to a safe location in each bus trip during the initial solution

phase
t ij* : the shortest travel time (in hours) from i to j

τ a : alighting time per person at the safe locations; τ a = 2 seconds is used in this study.
τ b : boarding time per person at the evacuation sites; τ b = 3 seconds is used in this
study.
T : time allowed (in hours) for evacuation operations

At the beginning of the evacuation operations {bt kR = T }kK=1
{at ki }kK=1 : a set of arrival times of the buses at evacuation site i

{Λ k }kK=1 : a set of times that the buses have been in operation since the beginning of

evacuation operations, i.e. at the beginning {Λ k = 0}kK=1

ω k : number of trips made by bus k
th
rkj : j trip made by bus k

ω

ITN (k ) : itinerary of bus k , i.e. ITN (k ) = {rkj } j =k1 , k = 1,2,3,..., K
Ω : total number of trips made by all the buses

{LT [k ]}kK=1 : the set of last trips made by the set of buses

{Taltm _ LV [k ]}kK=1 : the set of total alighting times of the carless persons at

safe locations by the last visit of the buses, initialized as
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{Taltm _ LV [k ] = 0}kK=1

UMB : the set of unmoved buses
DB : the set of dead buses

θ : Tabu tenure; θ is calibrated based on the method proposed by
(Archetti et al. 2006), in which θ will be a random integer in [a, b] ,

3
where a = 10 ; b = 10 + (n + Ω) .
2
ni : number of trips visiting evacuation site i in the current solution
y : current solution of the Tabu search phase, i.e. y = {ITN (k )}kK=1

Ψ ( y ) : number of carless evacuated (objective value) in a solution y
N ( y ) : neighborhood of a solution y

y * : the best known solution
R (i ) : a set of trips that have visited evacuation site i in the current solution

i.e. R(i ) = {r1 (i ), r2 (i ),..., rni (i )} , where r j (i ) is a trip that has visited evacuation site
i in the current solution

ts ji : time saved (including dwell time) when evacuation site i is removed from a trip
r j (i ) ∈ R (i ) . If i is removed from the last trip of a bus k , then only total

boarding time is included in ts ji ; otherwise, both total boarding and alighting time
must be included in ts ji .
C ji : number of carless picked up at evacuation site i by the trip r j (i ) ∈ R (i )
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~

R (i ) : a set of ranked trips in R (i ) , which visit evacuation site i in the current

solution. The ranking of the trips is based on the descending order of
{(φ ⋅ ts ji − ξ ⋅ C ji )} , j = 1,2,..., ni , where φ > 0 and ξ > 0 .
~

i.e. R(i ) = {r(1) (i ), r( 2) (i ),..., r( ni ) (i )}
Note: φ = 1 and ξ = 1 are used in this study.
~

th
r( j ) (i ) : a trip in R (i ) that has been ranked as the j trip in R (i ) to be considered

for the removal of evacuation site i
~

C ( j )i : number of evacuees picked up at evacuation site i by the trip r( j ) (i ) ∈ R (i )
n

ℜ : the set of all trips of the current solution, i.e. ℜ =  R(i )
i =1

C rR : remaining capacity of a trip r

∆t : increment of trip time (including dwell time) when i is inserted into a trip r
(note: ∆t could be negative). If i is inserted into the last trip of a bus k , then only
the total boarding time is included in ∆t ; otherwise, both total boarding and
alighting must be included. Note that if i is already in trip r , the increment of the
insertion is just the dwell time only. Again ∆t includes the total boarding time only
if r is the last trip of a bus k ; otherwise, ∆t is the sum of total boarding time
and alighting time
k (r ) : a bus which contains a trip r in its itinerary, i.e. r ∈ ITN (k (r ))
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π i − : number of trips available for potential insertion of the remaining demand of
evacuation sites
U (i −) : a set of arrays containing information regarding the removal of evacuation
~

site i from a trip in R (i ) .
R
i.e. U (i −) = {( ru (i −), tsui , C ru (i −) , pu , qu ) : u = 1,2,..., π i − } , where ru (i −) is a

trip that evacuation site i is removed, tsui is the time saved when i is
R
removed, C ru (i −) is the remaining capacity of ru (i −) , pu is the

predecessor of i in the trip ru (i −) , and qu is the successor of i in the
trip ru (i −)
~

U (i −) : a set of ranked arrays in U (i −) and the ranking is based on the descending
R
order of C ru (i −) ,
~

i.e. U (i −) = {( r(u ) (i −), ts (u )i , C rR(u ) (i −) , p(u ) , q(u ) ) : u = 1,2,..., π i − }

if r is the last trip of a bus
 τb,
I BA (r ) : I BA (r ) = 
otherwise
τ b + τ a ,
When an evacuation site is inserted into a trip, if that trip is the last trip of a bus
then only boarding time is counted; otherwise, both boarding time and
alighting time must be counted. This mechanism is used at the insertion of
remaining demand of evacuation sites to the trips in group-I.
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F : scaling factor of link travel time under normal traffic condition; e.g. F = 1 means

travel time used in the heuristic is under normal traffic conditions.

4.3 Algorithmic Summary of the Tabu Search Heuristic
Initial Solution Phase:

Phase 1:
Step 0. If the remaining capacity of a bus is less than or equal to certain value ∆ (e.g.

∆ = 4) at the beginning of the evacuation operations, then send it directly to the
closest available safe location.

Step 1. Rank the evacuation sites in descending order by the (remaining) demand.

Step 2. For each evacuation site in order, determine the number of buses to be sent to
the evacuation site based on:

 remaining demand of the evacuation site  
min 
, K 
α * capb
 

Buses are sent to the evacuation site based on the earliest arrival time and
proceed to the closest available safe locations as long as the total travel time
from the current location of each bus to the evacuation site and to the safe
location is within the remaining available operation time of the bus. Step 2 will
be repeated if there is improvement in the objective value (maximize the number
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of carless evacuated) after each cycle of the evacuation sites; otherwise, Step 2
will be terminated and go to Step 3.

Step 3. Check if there is any unmoved bus and/or dead bus.

Step 4. Send the unmoved bus(es) to the closest available safe location(s), if there is no
remaining demand at any evacuation site.

If there is/are unmoved bus(es) and positive remaining demand at some evacuation sites,
then Phase 1(GP) will be initiated as follows:

Phase 1(GP):
Step 0. If the remaining capacity of a bus is less than or equal to certain value ∆ (e.g.

∆ = 4) at the beginning of the evacuation operations, then send it directly to the

closest available safe location.

Step 00. Rank the remaining capacities ( bcuR ' s ) of the unmoved buses in descending
order. For each unmoved bus u in order:
i.

Identify all pairs of evacuation site i and safe location s , where
d iR ≥ bcuR , c sR ≥ capb and total trip time from the current location of the

bus u to the evacuation site i and to the safe location s is within the
remaining available operation time of the bus u . Choose the pair of i and
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s such that the total trip time of the bus u is minimal. If no such

assignment is possible, then go to (ii).
ii.

Identify all pairs of evacuation site i and safe location s , where
d iR < bcuR , c sR ≥ capb − bcuR + d iR and total trip time from the current

location of the bus u to the evacuation site i and to the safe location s
is within the remaining available operation time of the bus u . Choose the
pair of i and s such that the evacuation site i has highest remaining
demand. If there is more than one such evacuation site, then choose the pair
of i and s with smaller total trip time. If no such assignment is possible,
then go to (iii).
iii. Send the unmoved bus u to the closest safe location s , where
c sR ≥ capb − bcuR .

Step 1. Rank the evacuation sites in descending order by the (remaining) demand.

Step 2. For each evacuation site in order, determine the number of buses to be sent to
the evacuation site based on:

 remaining demand of the evacuation site  
min 
, K 
*
capb
α

 

Buses are sent to the evacuation site based on the earliest arrival time and
proceed to the closest available safe locations as long as the total travel time
from the current location of the bus to the evacuation site and to the safe
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location is within the remaining available operation time of the bus. Step 2 will
be repeated if there is improvement in the objective value (maximize the number
of carless evacuated) after each cycle of the evacuation sites; otherwise, Step 2
will be terminated and go to Step 3.

Step 3. Check if there is any (new) unmoved bus (different from the unmoved bus in
Step 00); if there is, send this bus to the closest safe location s , where
c sR ≥ capb − bcuR .

After the completion of the initial solution phase, if there is remaining demand on some
evacuation sites, then the Tabu search phase will be initiated as follows.

Tabu Search Phase:

Phase 2:
For each iteration create the neighborhood of current solution as follows:
For each evacuation site i
Step 1. group all trips that have visited the evacuation site i in a set R (i ) ,
and rank these trips in descending order of {(φ ⋅ ts ji − ξ ⋅ C ji )} , to
~

obtain R(i ).
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~

Step 2. For each trip r( j ) (i ) in R (i ) in order
Attempt to remove evacuation site i from the trip r( j ) (i ) , and
insert i into a trip r in ℜ \ R(i ) , which does not visit i in the
current solution and its remaining capacity is greater than or equal
to the number of carless to be picked up C ( j )i and such that the
increment of travel time of the insertion is less than or equal to the
remaining available operation time of the bus that carries out the
trip r . If there is more than one trip in ℜ \ R(i ) for which the
insertion is possible, insert i into the one that has the smallest
remaining capacity; then put the trip r( j ) (i ) into a set U (i −) , and
move to the next trip. Otherwise, if no insertion is possible, leave
~

the trip r( j ) (i ) in R (i ) and move to the next trip. Repeat Step 2
~

until all trips in R (i ) have been considered, then go to Step 3.

~

Step 3. Set H (i ) = R (i ) \ U (i −) . If there is more than one trip remaining in
the set H (i ) , then first attempt to remove i from the trip r(1) (i )
in H (i ) and insert it into another trip in H (i ) . If no such insertion
is possible, then attempt to split the number of carless to be picked
up C (1)i and fill them into the trips in H (i ) , starting from the last
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trip and moving backward until all the carless C (1)i are inserted. If
either of the insertions is possible, then put the trip r(1) (i ) into a
set U (i −) and move to the next trip in H (i ) ; otherwise put the
current trip r(1) (i ) being considered for removal as a last element
in H (i ) , and move to the next trip. Repeat Step 3 until all trips
originally in H (i ) have been considered, then terminate the
removal and insertion procedure of i , and go to Step 1’ – 3’ to
insert the remaining demand of other evacuation sites into the trips
in U (i −) . The insertion of evacuation site i into these trips is a
Tabu move.

Step 1’. Rank remaining trips in U (i −) in descending order of their
remaining capacities.

Step 2’. For each ordered trip ru (i −) , insert an evacuation site which has
remaining demand greater than or equal to the remaining capacity
of the trip, such that the increment of travel time is less than or
equal to the time saved when i is removed from ru (i −) . If the
insertion is possible, and if there is more than one such evacuation
site, insert the one which causes the minimal increment in travel
time, and remove ru (i −) from U (i −) ; otherwise move to the
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next trip. Repeat Step 2’ until no insertion is possible; if U (i −) is
not empty, then go to Step 3’.

Step 3’. For each remaining trip, insert the evacuation site which has
remaining demand less than the remaining capacity of the trip,
such that the increment of time is less than or equal to the
(updated) time saved when i is removed from the trip. If such an
insertion is possible, and more than one evacuation site can be
inserted, then insert the one with the maximum remaining demand,
then go to Step 1’; otherwise move to the next remaining trip. If no
insertion is possible for all the remaining trips, then terminate the
insertion of the remaining demand of evacuation sites.

For evacuation site i , an element of neighborhood of current solution is
found.

Among the elements (solutions) in the neighborhood of the current solution, choose the
one which produces the maximum objective value, and it will become the next current
solution of the search. If its objective value is greater than that of the best known
solution of the routing problem, then update the best known solution for the problem.
Refer to APPENDIX D for the mathematical details of the Tabu search heuristic.
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4.4 Data Requirements for the Tabu Search Heuristic
The location model provides locations of the evacuation sites, and the expected demand
of carless at these sites. In order to produce itineraries of buses to pick up and evacuate
the carless, the heuristic requires the following data:


current locations and remaining capacities of buses



locations and expected demands (corresponding to the period of a particular day
when the emergency evacuation occurs) of the evacuation sites



locations and capacities of safe locations



a set of nodes which includes nodes of the affected network plus nodes within a
certain range from the boundary of the affected area



shortest travel times and the corresponding shortest paths between these nodes



maximum time allowed to carry out evacuation of the carless

All the required information is presumed to be known in advance, or being monitored in
real time, except the maximum time allowed to carry out the evacuation is known once
a threat has been noticed for which an evacuation is necessary (e.g., a hurricane).

With these input data, the routing heuristic will be implemented to produce a complete
itinerary (a set of trips) for each bus in the entire planning horizon of the evacuation
operation. A trip of a bus comprises a set of nodes, where the start node of the trip is the
current location of the bus (could be at any node of the network or a safe location), and
the intermediate node(s) is/are evacuation site(s) to be visited by the bus, as well as in
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most cases regular nodes of the network; and the end node of the trip is a safe location
where the carless on the bus will be dropped off.

Dijkstra’s algorithm is used to compute the shortest travel times from all nodes to all
nodes (shortest travel time matrix), including the shortest path tree for each node to the
rest of the nodes (shortest path matrix). The shortest travel time matrix and shortest path
matrix are obtained prior to any emergency.

4.5 Numerical Study: Application to Tucson
The routing heuristic has been applied to the Tucson case study. The network has 3390
nodes (some of them are centroids), and link travel times under normal traffic condition
are used in the computation of the shortest travel time matrix and the shortest path
matrix. The following is the detail of the numerical study.

In this particular application, the locations of evacuation sites and the expected demand
of the carless at these sites are based on the results of the location model, with a
20-minute walking time limit and 2000 minutes of setup cost per site. We assume the
emergency takes place during daytime on a weekday. In this case, there are 336 opened
evacuation sites with a total of 60,048 carless people that need to be evacuated at these
sites. The City of Tucson has 200 public transit and 400 school buses that can be used to
evacuate the carless. On the other hand,
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since the emergency happens during daytime on a weekday, these 600 buses are
supposed to be operating across the network, and they might have passengers on these
buses. The capacity of each bus is set at 50 persons. The current locations of buses are
generated uniformly from a set of physical nodes in the Tucson network, and the
remaining capacities of these buses are generated uniformly on [0,50]. If the remaining
capacity of a bus is less than or equal to 4, then it will be sent directly to the closest
available safe location. There are 11 safe locations which are located outside the Tucson
metropolitan region, and there is no capacity limit on these safe locations. Note that
even though there is no capacity limit on these safe locations, the heuristic can take a
capacity limit into consideration for the assignment of buses to safe locations. Figure 3
shows a map of Tucson, which shows locations of the evacuation sites, safe locations
and the current locations of the 600 buses. These locations of buses are generated for
the case when the evacuation time horizon is T = 3 .
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Figure 6. Map of the Tucson Region
: represents an evacuation site
: represents a safe location
: represents location of a bus at the beginning of the evacuation operation

The following section provides the details of the computational results.

4.5.1 Computational Results
The routing heuristic has been run for different combinations of time horizons T and
different assumptions on the travel time in the network. F represents a factor for the
travel times; F = 1.0 corresponds to normal travel times in the network, while higher
values of 𝐹 indicate a multiplier for the travel times. 𝛼 is set at 2 for all the
computational analysis in this section. The initial choice of 𝛼 = 2 aims to strike a fair
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balance to evacuation sites in receiving resources (bus trips). As compared to when
𝛼𝛼 = 1, the majority of resources will be assigned to high demand zones. A more

comprehensive analysis on the choice of 𝛼𝛼 has been done, such that the best objective
value can be obtained for a fixed 𝑇𝑇. Results of the analysis will be presented in section
4.6 in this chapter. In what follows, iteration 0 represents the initial solution.

4.5.1.1 Performance of the Tabu Search Heuristic
The performance of the Tabu search heuristic has been studied for different values of
time limit allowed to evacuate the entire Tucson metropolitan area. Table 13 shows the
total number of persons to be evacuated for the evacuation scenarios with 𝑇𝑇 =
{0.5, 0.75, 1.0, 1.5, 1.75, 2.0} . For each scenario, the total number of carless at

evacuation sites is 60,048 persons. The total number of persons to be evacuated is the
sum of the total number of carless at evacuation sites and carless passengers are already
on the buses. Since these time limits for evacuation are relatively short. Therefore,
bounds on the computational time for the heuristic to produce a solution are set lower
for these 𝑇𝑇’s (as shown on the third column in Table 13). In addition, Table 14 shows
the performance of the Tabu search heuristic for these values of 𝑇𝑇, given that 𝐹𝐹 = 1.
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Table 13. Total number of persons to be evacuated and bound on
computational time for 𝑻𝑻 = {𝟎𝟎. 𝟓𝟓, 𝟎𝟎. 𝟕𝟕𝟕𝟕, 𝟏𝟏. 𝟎𝟎, 𝟏𝟏. 𝟓𝟓, 𝟏𝟏. 𝟕𝟕𝟕𝟕, 𝟐𝟐. 𝟎𝟎}
Total number of persons
Bound on computational time (sec)
𝑇𝑇
0.5
74820
120
0.75
74984
150
1.0
74982
180
1.5
75121
210
1.75
75107
240
2.0
74881
270

Table 14. Performance of the heuristic when 𝑻𝑻 = {𝟎𝟎. 𝟓𝟓, 𝟎𝟎. 𝟕𝟕𝟕𝟕, 𝟏𝟏. 𝟎𝟎, 𝟏𝟏. 𝟓𝟓, 𝟏𝟏. 𝟕𝟕𝟕𝟕, 𝟐𝟐. 𝟎𝟎},
𝑭𝑭 = 𝟏𝟏
Total number Total number of % of
% of carless Compu
𝑇𝑇
of carless
carless
carless
evacuated
Time
evacuated
evacuated from evacuated from
(sec)
evacuation sites
evacuation
(g )
sites
(f)
0.5
2879
12.8
4.8
9587
67.19
0.75
14536
39.1
24.2
145.72
29304
1.0
30750
15816
41.0
26.3
98.563
1.5
34198
19125
45.5
31.9
196.55
1.75
42284
27225
56.3
45.3
208.7
2.0
52973
38140
70.7
63.5
277.84
From Table 14, the heuristic obtains routing solution for 𝑇𝑇 = 0.5 and 1.0 far below

their bounds on the computational time, this is because there is no room for the heuristic
to improve the objective values for these two scenarios further after searching the
solution space of 𝑇𝑇 = 0.5 and 1.0, for 67 seconds and 98 seconds respectively. On the
other hand, we can see that there is a drastic increase in the objective value of the
routing problem when 𝑇𝑇 is increased from 0.5 to 0.75, because the increase in 𝑇𝑇

allows more buses to reach the safe locations – there are 328 dead buses when 𝑇𝑇 = 0.5,
whereas there are only 6 dead buses when 𝑇𝑇 = 0.75. The other reason is that
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it will take approximately 0.75 hours for a bus to visit an evacuation site and go to a
safe location in their first trip. Therefore, when compared to 𝑇𝑇 = 0.5, relatively more

buses can pick up the carless at evacuation sites for 𝑇𝑇 = 0.75, this constitutes more
carless can be evacuated.

Now, we will study the performance of the Tabu search heuristic when there is longer
time limit for evacuation operations. Suppose we have 2.5 hours to evacuate the entire
Tucson metropolitan area, and assuming the traffic is under normal condition; i.e.
=
T 2.5,
=
F 1.

The total number of carless at evacuation sites is 60,048 persons, and

the total number of persons to be evacuated is 75,286 (the additional carless are
passengers already on the buses). Table 15 shows the performance of the heuristic when
T = 2.5, F = 1 .

Table 15. Performance of the heuristic when T = 2.5, F = 1
Iteration Total number
Total number of % of
% of carless Compu
of carless
carless evacuated carless
evacuated
Time
(sec)
evacuated (g ) from evacuation evacuated from
evacuation
sites ( f )
sites
0
58544
43306
77.8
72.1
7.25
1
58787
43549
78.1
72.5
73.3
2
59008
43770
78.4
72.9
139.0
3
59220
43982
78.7
73.2
181.5
4
59412
44174
78.9
73.6
261.1
5
59598
44360
79.2
73.9
288.0
6
59783
44545
79.4
74.2
372.1
7
60057
44819
79.8
74.6
436.1
Note: g equals f plus the number of passengers (evacuated) that are already on
board when emergency call is issued
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Under T = 2.5 hours and F = 1.0 , the heuristic can produce a solution in under 5
minutes of computational time, in which 79.2% of the total number of carless are saved.

Now, suppose we have 3 hours to evacuate the entire Tucson area, and again assume the
traffic is under normal condition. i.e. T = 3, F = 1 . Another set of current locations of
buses and remaining capacities of buses have been used. The total number of carless at
evacuation sites is 60,048, but the total number of carless is 75,083 (including
passengers on the buses). Table 16 shows performance of the heuristic for this scenario.

Iteration

0
1
2
3
4
5

Table 16. Performance of the heuristic when T
Total number of Total number of % of
carless
carless evacuated carless
evacuated
from evacuation evacuated
(g )
sites ( f )
67902
68128
68340
68540
68739
68935

52867
53093
53305
53505
53704
53900

90.4
90.7
91.0
91.3
91.6
91.8

= 3, F = 1
% of carless Compu
evacuated
Time
from
(sec)
evacuation
sites
88.0
7.83
88.4
112.8
88.8
220.5
89.1
320.9
89.4
416.9
89.8
532.9

There is a significant increase in the total number of carless evacuated when T is
increased from 2.5 to 3 hours. The heuristic can produce a solution that saves 91% of
the total number of carless persons and 88.8% of the total number of carless at the
evacuation sites. It takes the heuristic less than 4 minutes of computational time to
produce such a solution.
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In the T  3, F  1 case, most of the buses make 2 to 3 trips. Figures 7, 8 and 9 below
display an itinerary of a bus which makes 3 trips within the time limit. This bus picks up
the carless at 3 different evacuation sites and drops off the carless at 2 different safe
locations during these 3 trips. The itinerary of the bus is based on the solution produced
at Iteration 3, with a computational time of around 321 seconds, and 91.3% of the total
carless are evacuated.

Itinerary of a bus when T  3, F  1
1st trip:

Figure 7. The 1st trip of the bus
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2nd trip:

Figure 8. The 2nd trip of the bus
3rd trip:

Figure 9. The 3rd trip of the bus
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Now, suppose we have 3.5 hours to evacuate the entire Tucson area, and again assume
the traffic is under normal condition. i.e. T = 3.5, F = 1 . Another set of current
locations of buses and remaining capacities of buses have been used. The total number
of carless at evacuation sites is 60,048, but the total number of carless is 75,201
(including passengers on the buses). Table 17 shows performance of the heuristic for
this scenario.

= 3.5, F = 1
% of carless Compu
evacuated
Time
from
(sec)
evacuation
sites
99.973
99.967
7.55
100
100
111.3

Table 17. Performance of the heuristic when T
Total number of % of
Total number
carless evacuated carless
of
carless
Iteration
from evacuation evacuated
evacuated (g ) sites ( f )
0
1

75181
75201

60028
60048

The initial heuristic produces an initial solution in very short time (less than 8 seconds),
in which almost all the carless are evacuated. On the other hand, it just takes one
iteration for the Tabu search phase to reach the optimal solution (saving all the carless)
in less than 2 minutes of computation time.

From the computational results for the cases when T = 2.5, F = 1 ; T = 3, F = 1 and
T = 3.5, F = 1 , we can observe that the initial heuristic is very efficient and effective.

The heuristic can produce a high quality initial solution relative to the time limit given
for evacuation operations, in very short time (i.e. less than 8 seconds in all these cases).
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4.5.1.2 The Impact of Congestion on the Performance of the Tabu Search Heuristic
Up to this point, computations with the Tabu search heuristic have been based on the
travel time under normal traffic conditions. However, the travel time of network links
are expected to be higher, because there is more traffic on the network due to the mass
evacuation. Therefore, the assumption that travel times of network links are under
normal traffic conditions may not be appropriate. We use T = 3.5, F = 1 as a base case,
and everything else remains the same; i.e. we use the same current locations of buses at
the beginning of the evacuation operations and remaining capacities of buses. The travel
times of the network links are scaled 1.5 times ( F = 1.5 ) that under normal traffic
conditions. Table 18 shows performance of the heuristic under this scenario (i.e.,
T = 3.5, F = 1.5 )

= 3.5, F = 1.5
% of carless Compu
evacuated
Time
from
(sec)
evacuation
sites
74.9
68.5
7.48
75.2
68.9
72.9
75.5
69.3
116.8
75.8
69.7
170.0
76.1
70.0
267.4
76.4
70.4
273.0
76.6
70.7
339.1

Table 18. Performance of the heuristic when T
Iteration Total number
Total number of % of
of carless
carless evacuated carless
evacuated (g ) from evacuation evacuated
sites ( f )
0
1
2
3
4
5
6

56314
56552
56778
57000
57213
57423
57622

41161
41399
41625
41847
42060
42270
42469

When comparing the results from Tables 17 and 18, it is obvious that the total number
of carless evacuated drops significantly. For example,
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it takes only one iteration for the Tabu search phase to reach the optimal solution for
T = 3.5, F = 1 , whereas only 75.2% of the total carless are evacuated after the Tabu

search phase is run for one iteration under T = 3.5, F = 1.5 . This is because it takes a
longer time for buses to complete a trip; thus reducing the number of trips that buses
can make in the given time limit and reducing the total number of carless evacuated.
From this we can see that network travel times have a significant impact on the
effectiveness of the evacuation of the carless.

The next question is when F = 1.5 , what value of T is needed such that the Tabu
search heuristic can produce an optimal solution (all persons are evacuated) in a
reasonable amount of computational time? Everything remains the same as in the case
T = 3.5, F = 1.5 ; except that we now increase the time limit for evacuation operations

from 3.5 hours to 5 hours. We have found that the Tabu search heuristic can produce the
optimal solution in around 5 minutes. Table 19 shows performance of the heuristic for
T = 5, F = 1.5 .

= 5, F = 1.5
% of carless Compu
evacuated
Time
from
(sec)
evacuation
sites
99.8
99.7
7.84
99.988
99.985
161.0
100
100
315.3

Table 19. Performance of the heuristic when T
Iteration Total number
Total number of % of
of carless
carless evacuated carless
evacuated (g ) from evacuation evacuated
sites ( f )
0
1
2

75027
75192
75201

59874
60039
60048
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Suppose everything remains the same as in T = 5, F = 1.5 scenario; except that we
now increase the time limit for evacuation by half an hour (i.e. T = 5.5, F = 1.5 ). We
have found that the initial heuristic can produce the optimal solution in less than 8
seconds (see Table 20).
Table 20. Performance of the heuristic when T = 5.5, F = 1.5
Iteration Total number Total number of % of
% of carless Compu
of carless
carless evacuated carless
evacuated
Time
evacuated
from evacuation evacuated from
(sec)
evacuation
(g )
sites ( f )
sites
0
75201
60048
100
100
7.4
From the results on Tables 19 and 20, it provides us an insight that how quickly the
Tabu search heuristic can produce the optimal solution would depend on how much
time is given for evacuation. In particular, the time allowed for the evacuation would
affect how close the initial solution is to optimality, and subsequently will affect how
much computational time required for Tabu search phase to attain the optimal solution.

4.6 Sensitivity Analysis of Alpha (𝛼𝛼)

4.6.1 Interpretation of Alpha
𝛼𝛼 is a parameter in determining the number of buses to be sent to an evacuation site in
the bus assignment procedure in the initial solution phase. In each cycle of the bus

assignment procedure, the remaining demand of all evacuation sites will be ranked in
descending order and the number of buses to be assigned to a specific evacuation site 𝑖𝑖
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𝑑𝑑 𝑅𝑅

𝑖𝑖
is determined by �𝛼𝛼∗𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
�. Given a fixed time limit 𝑇𝑇, if a small 𝛼𝛼 (e.g. 𝛼𝛼 = 1) is

used in the initial heuristic, this means that resources (bus trips) will mainly be allocated

to those evacuation sites with a high demand of carless persons. Instead, a large 𝛼𝛼 (e.g.

𝛼𝛼 = 4) means that those low demand evacuation sites will be allocated more bus trips
when compared to the case with smaller 𝛼𝛼. In other words, with small 𝛼𝛼, the resources

will be shifted to the high demand evacuation sites; whereas with large 𝛼𝛼, resources
will be distributed relatively even among evacuation sites. The following section

discusses the results of the sensitivity analysis of 𝛼𝛼, such that the best resource
allocation strategy (𝛼𝛼) can be identified for different values of 𝑇𝑇.
4.6.2 Results of the Sensitivity Analysis of Alpha
A fixed value of α was used (i.e. α = 2 ) for all the computational analysis in the
previous section. In this section, a sensitivity analysis has been done to see how the
change of α affects the performance of the routing heuristic. For a fixed 𝑇𝑇 ,

performance of the Tabu search heuristic with different values of 𝛼𝛼 is measured in two

metrics – the objective value and the computational time used to attain this value. Based
on these criteria, we attempt to find the best 𝛼𝛼 for each 𝑇𝑇. Note, the data used for all

combinations of T and 𝐹𝐹 in this section are the same as that in the previous section.

Figures 10 and 11 show the total number of carless evacuated ( g ) and total number of

carless evacuated from evacuation sites ( f ) for different 𝑇𝑇’s, respectively; where

𝐹𝐹 = 1, among different values of 𝛼𝛼.
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Total No. of Carless Evacuated

Total No. of Carless Evacuated versus alpha (α)
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Figure 10. The total number of carless evacuated (g) versus alpha (𝛼𝛼)

7
T = 3.25
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Total No. of Carless Evacuated from Evacuation Sites

Total No. of Carless Evacuated from Evacuation Sites
versus alpha (α)
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Figure 11. Total number of carless evacuated from evacuation sites ( f ) versus alpha (𝛼𝛼)
For (x,y) next to each point in Figures 10 and 11, x represents the number of carless
evacuated and y represents the computational time (in seconds) spent to attain this value.
Based on the results shown on Figures 10 and 11, we have found the best 𝛼𝛼 for each 𝑇𝑇
and these are shown in Table 21.

𝑇𝑇

𝛼𝛼 ∗

0.75
1

Table 21. The best 𝛼𝛼 for each 𝑇𝑇
1.0 1.5
1.75
2.0
2.5
1

1

5

1

1

2.75

3.0

3.25

4

5

4
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From Table 21, we can see that the best 𝛼𝛼 for 𝑇𝑇 = 0.75 to 𝑇𝑇 = 2.5 is 1, except when

𝑇𝑇 = 1.75, for which the best 𝛼𝛼 is 5. In other words, resources should be mainly
allocated to evacuation sites with high demand when the time allowed for evacuation is
short. Whereas for 𝑇𝑇 is 2.75 hours or higher, a larger 𝛼𝛼 gives better performance of

the routing heuristic. In other words, resources should be distributed relatively even
among evacuation sites when the time allowed for evacuation is relatively long.

For 𝑇𝑇 = 3.5, the Tabu search heuristic obtains the optimal solution (everyone is

evacuated) within a reasonable amount of computational time for all values of 𝛼𝛼’s.
Table 22 shows the results.

𝛼𝛼

Compu

Table 22. Computational time for all values of 𝛼𝛼 when 𝑇𝑇 = 3.5
1
2
3
4
5
6
150

111

125

7.8

7.9

8

Time (sec)
From Table 22, we can see that the best 𝛼𝛼 for the Tabu search heuristic when 𝑇𝑇 = 3.5
are 4, 5 or 6 in which the heuristic (initial solution phase) can obtain the optimal

solution within 8 seconds. Although the optimal solution can be reached within a
reasonable amount of computational time for all values of 𝛼𝛼 when 𝑇𝑇 = 3.5, still the

larger value of 𝛼𝛼 (i.e. 𝛼𝛼 = 4, 5 or 6) gives better performance in a sense that the

routing heuristic reaches the optimal solution considerably faster than the cases with
smaller 𝛼𝛼.
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Up to this point, we assume that the traffic is under normal conditions (i.e. 𝐹𝐹 = 1).
Now, suppose there is congestion (i.e. 𝐹𝐹 = 1.5). A sensitivity analysis has also been
done to find the best 𝛼𝛼 when 𝑇𝑇 = 3.5, 5 and 5.5, given that 𝐹𝐹 = 1.5. Figures 12 and
13 show the total number of carless evacuated ( g ) and total number of carless
evacuated from evacuation sites ( f ) for 𝑇𝑇 = 3.5, respectively, where 𝐹𝐹 = 1.5.

Total No. of Carless evacuated

Total No. of Carless evacuated versus alpha (α)
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0

1

2

3

4

5

(56820,279)
6

alpha (α)
T = 3.5, F = 1.5

Figure 12. Total number of carless saved ( g ) versus alpha (𝛼𝛼)

7

Total No. of Carless Evacuated from Evacuatin sites
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Total No. of Carless evacuated from Evacuation sites versus alpha (α)
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alpha (α)
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Figure 13. Total number of carless evacuated from evacuation sites ( f ) versus alpha (α)
The computational results show that the best 𝛼𝛼 for 𝑇𝑇 = 3.5 when 𝐹𝐹 = 1.5 is 1 (i.e.

𝛼𝛼 ∗ = 1). On the other hand, the optimal solution can be found in a reasonable amount

of computational time for both 𝑇𝑇 = 5 and 𝑇𝑇 = 5.5 when 𝐹𝐹 = 1.5 for all values of 𝛼𝛼.

Tables 23 and 24 show the computational time required for all 𝛼𝛼’s to attain the optimal
solution for 𝑇𝑇 = 5 and 𝑇𝑇 = 5.5, respectively.

Table 23. Computational time required to reach the optimal solution for all values of 𝛼𝛼
when 𝑇𝑇 = 5 and 𝐹𝐹 = 1.5
1
2
3
4
5
6
𝛼𝛼
Compu

Time (sec)

305

373

124

7.8

7.9

7.9
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There are multiple optimal values of 𝛼𝛼 for 𝑇𝑇 = 5 and 𝐹𝐹 = 1.5. i.e. 𝛼𝛼 ∗ = 4, 5 or 6
Table 24. Computational time required to reach the optimal solution for 𝛼𝛼 when
𝑇𝑇 = 5.5 and 𝐹𝐹 = 1.5
1
2
3
4
5
6
𝛼𝛼

Compu

133

7.64

110

7.8

7.6

7.7

Time (sec)

We also have multiple optimal values of 𝛼𝛼 for 𝑇𝑇 = 5.5 and 𝐹𝐹 = 1.5; i.e. 𝛼𝛼 ∗ =
2, 4, 5 or 6.

The analysis in the previous section was based on a fixed 𝛼𝛼 (i.e. 𝛼𝛼 = 2) for all

combinations of 𝑇𝑇 and 𝐹𝐹. However, in this section the sensitivity analysis of 𝛼𝛼 shows
that 𝛼𝛼 = 2 does not lead to the best performance of the routing heuristic in most cases.

Therefore, we propose that the value of 𝛼𝛼 should be chosen dynamically, in a sense
that given a time limit for evacuation, the corresponding optimal 𝛼𝛼 should be used.

4.7 An Analysis on Covering the Uncovered Zones in the Routing Strategy
In section 3.3.3 we discuss the uncovered demand of the carless. In this section we are
interested in how the objective value of the routing problem will be affected if the
uncovered demand of carless is considered for possible inclusion in the routing heuristic.
The analysis is based on the coverage of 20 minutes walking time limit, in which 53
zones with positive demand are not covered, resulting in 923 and 963 carless people not
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covered during period 1 (daytime) and period 2 (nighttime) of a weekday, respectively.
Similarly, the number of uncovered carless people on the whole day of both Saturday
and Sunday is 963. We assume the evacuation takes place during daytime of a weekday;
different time limits (T’s) for evacuation have been used and the corresponding best 𝛼𝛼

for each time limit is used as well. Zone centroids are assumed to be the locations of
evacuation sites for the uncovered zones. Moreover, the geographic area of most of the
uncovered zones is large; it is unlikely that demand of each uncovered zone can be fully
covered. Therefore, we adjust the uncovered demand of the uncovered zones as follows.
We assume the carless of the uncovered zones are uniformly distributed about their
centroids respectively; furthermore, we assume that on average it takes a carless person
20 minutes to walk one mile. In other words, the evacuation site (centroid) of an
uncovered zone can cover the carless demand within a circle with a radius equals to one
mile. Therefore, the amount of carless that can be covered in each uncovered zone has
been adjusted to the product of percentage of the zone area covered by its evacuation
site (centroid) and the total carless demand in the zone. Table 25 shows the total number
of carless people evacuated ( g or g _ X ) and total number of carless evacuated from
evacuation sites only ( f or f _ X ) for different values of T when uncovered zones
are not ( f , g ) or are ( f _ X, g _ X) considered in the routing strategy. Moreover, the
best alpha (𝛼𝛼 ∗ or 𝛼𝛼 ∗ _X) will be used for different values of T. In this analysis, we

assume that the traffic is under normal conditions (F = 1.0).
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Table 25. Objective values of the Routing Problem when uncovered zones are or are not
considered
g
g_X
f
f _X
𝛼𝛼 ∗ _X
𝑇𝑇
𝛼𝛼 ∗
1
1.5
1.75
2
2.5
2.75
3
3.25
3.5

1
1
5
1
1
4
5
4
4

30887
34807
46724
55603
61100
63190
71725
75034
75201

1
1
6
1
1
1
6
5

30887
34885
45799
55497
60989
62269
71090
75240
75576

4,5 or 6

15953
19734
31665
40770
45862
47855
56690
60048
60048

15953
19812
30740
40664
45751
46934
56055
60254
60423

Figures 14 and 15 show the comparison of g and g _ X , as well as f and f _ X

Objective value

respectively, for all values of 𝑇𝑇.
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Figure 14. Objective values g and g _ X for all values of 𝑇𝑇
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Figure 15. Objective values f and f _ X for all values of 𝑇𝑇

We can see for some values of 𝑇𝑇, the routing strategy that does not consider the
uncovered zones will have similar or better objective value. However, for other values

of 𝑇𝑇, the routing strategy has better objective value when the uncovered zones are

considered. Generally, the routing strategy performs better if uncovered zones are not
considered for small 𝑇𝑇. For relatively larger 𝑇𝑇, considering the uncovered zones in the
routing strategy will produce a better objective value.
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4.8 Chapter Summary
A Tabu search heuristic has been developed for the bus routing problem for the
evacuation of the carless during an emergency. Multiple trips have been considered; in
other words, after dropping off the carless at safe locations, buses will return to the
affected area to evacuate the carless at evacuation sites if time allows. In addition, the
dwell time of buses at evacuation sites (boarding time of the carless) and at safe
locations (alighting time of the carless) is considered. Our numerical study shows that
the heuristic is very efficient and effective, which produces a high quality solution in a
short amount of computational time. In particular, the initial heuristic can produce a
high quality initial solution in very short time (less than 8 seconds in all cases). It is
observed that the time limit given for evacuation would directly affect how close the
initial solution is to the optimal solution (where all the carless are evacuated), and
consequently affecting how quickly the Tabu search phase can reach the optimal
solution. Congestion effects due to mass evacuation have also been studied, and the
computational experience shows that the increase in network travel times could have
significant impact on the total number of carless evacuated. Further analysis shows that
the choice of alpha (𝛼𝛼) – a parameter in determining the number of buses to be assigned
to evacuation sites in the bus assignment procedure – will have significant impact on the
objective value. Therefore, we propose to choose 𝛼𝛼 dynamically when solving the

routing problem. That is, for a given time limit 𝑇𝑇 for evacuation, the corresponding
best value of 𝛼𝛼 will be used in the routing heuristic, such that the best objective value
for the time limit 𝑇𝑇 can be obtained.
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On the other hand, an analysis has been done to see effect of considering the uncovered
zones in the routing strategy. Preliminary computational results suggest that
consideration of uncovered zones in the routing strategy could lead to a better objective
value for some values of T, particularly for longer time limits.
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CHAPTER 5

CONTRIBUTIONS, CONCLUSIONS & DISCUSSION AND
FUTURE EXTENSIONS

This chapter discusses the contributions, as well as the conclusions & discussion and
future extensions of this study.

5.1 Contributions of this Study to the State of Knowledge of Evacuation of the Carless
during Emergency – Congregating the Carless
We have explicitly considered and solved the location problem for congregating the
carless: the selection of evacuation sites (including the number of evacuation sites need
to be opened and their locations) and the assignment of demands from zones to the open
evacuation sites. Table 26 shows whether the setup of pickup point is considered and
solved in six studies related to the use of buses to evacuate the carless during an
emergency.

Table 26. Setup of Pickup Points in the Carless Evacuation Studies
Authors
Considered
Solved
Perkins et al. (2001)
Yes
No
Margulis et al. (2006)
Yes
No
Sayyady (2007)
Yes
No
He et al. (2009)
Yes (indirectly)
No
Mastrogiannidou et al. (2009) Yes
No
Chen and Chou (2009)
Yes
No
Current Study
Yes
Yes
Note: These six studies call the places where the carless are gathered as “pickup
points”, whereas in this study we call these places as “evacuation sites”. These
two terms are the same. However, “pickup point” is used in the following
discussion.
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All of these six studies have directly and indirectly considered the location of pickup
points. Perkins et al. (2001) simply locate the pickup points at the centroid of the zones
to be evacuated; no discussion on demand at the pickup points is given, and no capacity
constraint is imposed on the pickup point. Margulis et al. (2006) set up the pickup
points based on zip code; one or more pickup points can be set up in each zip code area
to be evacuated. Demand information is based on a certain percentage of the total
population in the zip code area. However, no detail about where to set up the pickup
points is provided. Sayyady (2007) simply ask the carless to go to the closest bus stop
for transportation during an emergency; however, it will be impractical for large scale
evacuation which involves a large number of bus stops to be visited in the vehicle
routing. He et al. (2009) did not explicitly consider pickup points in their model. The
setup of pickup point is based on the carless pre-registration for transportation if an
emergency occurs. Mastrogiannidou et al. (2009) just mention that a pickup point will
be specified inside each terminal in case of an incident, but give no detail how to
determine the location of the pickup points. Pickup points are the bus stops with
positive demand in (Chen and Chou, 2009); in other words, Chen and Chou did not
solve the location problem of pickup points, but instead the pickup points are
pre-determined. Of all six studies, only (Mastrogiannidou et al., 2009; Chen and Chou,
2009) consider the change in demand during a day; nevertheless, neither
(Mastrogiannidou et al., 2009; Chen and Chou, 2009) solved the pickup point location
problem.
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Due to the daily activity patterns of the carless, demand of the carless in zones may
change during different periods of a day and different days of a week. As an emergency
evacuation could happen at any time, this demand characteristic has been considered
and included into our location model to ensure the assignment of demand of the carless
from zones to the evacuation sites will not violate the capacity constraints of the
evacuation sites. Moreover, the target carless persons are expected to walk to the
designated locations for transportation during an emergency. Therefore, a walking time
constraint is also explicitly considered in the model.

On the other hand, the size of the location problem that we have considered is larger
than that of previous studies on carless evacuation. In our study, the number of potential
locations of evacuation sites is 2511 and the number of zones is as many as 859. In
addition, our problem size as a whole is larger than that of previous studies in the
SSCFLP literature. Table 27 shows SSCFLP studies that have considered large-scale
problems. Of those, Agar and Salhi (1998) have solved the largest problem size in the
SSCFLP literature. Recently, there are also several papers (Cortinhal and Captivo, 2003;
Ahuja et al., 2004; Chen and Ting, 2008) that have considered a large scale SSCFLP.
However, we have found that our study considers as a whole the largest problem
compared to those in the SSCFLP literature.
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Table 27. SSCFLP studies that have considered large scale problem size
Authors
Largest Problem Size Considered
(Number of Facility)x(Number of Customers)
Agar and Salhi (1998)
600x600
Hindi and Pienkosz (1999)
100x1000
Cortinhal and Captivo (2003) 100x1000
Ahuja et al. (2004)
100x1000
Chen and Ting (2008)
100x1000
Current Study
2511x859
In summary, in this part of the research:
-

We have explicitly considered and solved the location problem for the congregating
the carless during an emergency

-

The carless demand of zones at different periods of a day and different days of a
week has been included in model

-

The walking time constraint for the assignment of demand of zones to open
evacuation sites is explicitly considered

-

An emergency can take place at any time, and this has been taken into consideration
by incorporating the carless demand of zones of different periods of a day and
different days of a week in the model

-

We have solved the largest location problem in the carless evacuation literature;
moreover, our problem size as a whole is the largest in SSCFLP literature

5.2 Contributions of this Study to the State of Knowledge of Evacuation of the Carless
during Emergency – The Routing Problem
In this part of the research, a Tabu search heuristic has been developed for solving the
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bus routing problem to evacuate the carless during an emergency. Multiple trips are
considered in the development of itineraries of buses. The dwell time of buses is
considered, including boarding time at the evacuation sites and alighting time at the safe
locations. Moreover, our heuristic can allow buses to be anywhere in or around the
network at the beginning of the evacuation operations. However, these buses will
terminate at the safe locations before the time limit ends, which is different from the
multiple-trip vehicle routing problem in the literature, where vehicles start from and
terminate at a central depot. In terms of problem size, our heuristic has been applied to
bus routing problem with 600 buses (200 public transit buses and 400 school buses),
and 336 evacuation sites as well as 11 potential safe locations. To the best of our
knowledge, the problem size (in terms of both fleet size and number of pickup points)
we deal with is the largest compared to those in the carless evacuation literature. When
compared to the vehicle routing problem with multiple trips (VRPMT), our study
handles the largest fleet size. Alonso et al. (2008) have solved a problem instance of
multiple trips vehicle routing problem with 1000 customers, a 6-day period, 13 vehicles
and five types of vehicles; this has the largest number of customers in the VRPMT
literature. Although our fleet size is much larger than theirs, they have taken periodicity
in deliveries and vehicle accessibility into consideration in their study. By taking all the
possible combinations of problem features they have considered, their problem size and
ours are similar. Our Tabu search heuristic is very efficient and effective; in particular
the initial heuristic can produce high quality initial solution in very short computational
time.
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Furthermore, a sensitivity analysis has been done to study how the value of 𝛼𝛼 affects

the objective value of the routing problem for a fixed time limit 𝑇𝑇. Computational

results show that instead of using a static 𝛼𝛼 for all time limits, for a fixed 𝑇𝑇, a
corresponding optimal 𝛼𝛼 should be used in the bus assignment procedure such that the

best objective value for that 𝑇𝑇 can be attained. In addition, an analysis has been done

to study effect of considering the uncovered zones in the routing strategy. Preliminary
results of an analysis show that considering the uncovered zones in the routing strategy
may lead to a better objective value for longer values of 𝑇𝑇.
In summary, in this part of the research:
-

A Tabu search heuristic has been developed to produce itineraries of buses for the
evacuation of carless during an emergency

-

Multiple trips are considered in the development of the itineraries of buses

-

The dwell time of buses at the evacuation sites and safe locations is included in the
heuristic

-

The heuristic allows buses to be anywhere in or around the network at the beginning
of the evacuation operation

-

Our problem size is comparable to that of the largest in the VRPMT literature

-

The initial heuristic is efficient and effective

-

Sensitivity analysis shows that the parameter 𝛼𝛼 in the bus assignment procedure

should be chosen dynamically for different values of T, such that the best objective
value for a specific T can be obtained
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-

Analysis shows that consideration of uncovered zones in the routing strategy may
lead to a better objective value for longer values of T

5.3 Contribution of this Study to the Development of Tabu Search Technique
In this study, we have made slight contribution to the development of Tabu search
technique for solving the vehicle routing problem with multiple trips. To the best of our
knowledge of the vehicle routing problem with multiple trips, only (Brandao and
Mercer, 1997; Alonso et al., 2008) have used a Tabu search technique to solve their
routing problems. Table 28 shows the characteristics of these different Tabu search
heuristics.

Table 28. Characteristics of Tabu search heuristics developed by different authors
Brandao and Mercer Alonso et al.
This study
Infeasibility
Allowed
Allowed
Not Allowed
Definition of
Removal/Insertion;
Removal/Insertion;
Removal/Insertion
Neighborhood Swap
Replacement of
Current Delivery
Pattern
Objective
Minimization
Minimization
Maximization
Search
Diversification;
Diversification;
Tabu List/Tabu
Technique
Aspiration Criteria; Strategic Oscillation;
Move/Tabu Tenure
Tabu List/Tabu
Aspiration Level;
Move/Tabu Tenure; Tabu List/Tabu
Move/Tabu Tenure
The objective of Brandao and Mercer, and of Alonso et al., is to minimize cost, whereas
ours is to maximize the number of carless (people or customers) evacuated – because
we recognize there is a possibility that not every carless can be evacuated within the
time limit of the evacuation operations. As a result, we aim to produce a solution that
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can save as many carless persons as possible before the time limit ends. To achieve this
goal, simple operations (removal/insertion) are used to define the neighborhood of the
current solution at the Tabu search phase. The idea is as follows: given the current
solution, through the use of removal and insertion moves, a procedure in the Tabu
search phase attempts to create as much remaining capacity as possible for trips visiting
a specific evacuation site in the current solution. Then using the insertion operation,
another procedure in Tabu search phase attempts to insert as much remaining demand
(the carless not yet evacuated) as possible at the evacuation sites into those trips for
which extra capacity has been created. This constitutes an element (a solution) of the
neighborhood of the current solution. We understand that the computational time for the
routing problem is very limited; the purpose of the procedures in the Tabu search phase
is to create as much extra capacity of trips as possible, and insert as many carless not yet
evacuated into these trips as we can, with the aim of increasing the number of persons
evacuated as much as possible, in a short computational time. Our Tabu search heuristic
does not allow infeasibility; moreover, the operations used to define the neighborhood
of the current solution are simple, and only few simple search techniques – Tabu list,
Tabu move and Tabu tenure – are used, which however are essential ingredients of this
memory-based meta-heuristic. This is because a solution must be produced in short time
in our problem; therefore, only simple methods in the Tabu search technique have been
used.
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5.4 Conclusions & Discussion

5.4.1 Conclusions
A model to accommodate the use of public transit and school buses to efficiently and
effectively evacuate the carless who are physically intact and able to walk to the
designated locations for transportation has been developed. The model comprises two
parts; the first part is a location problem and the second part is a routing problem. This
study has also developed a procedure for identifying the neighborhood of the current
solution for a Tabu search heuristic which attempts to maximize the objective value of
the routing problem.

In the location problem, a mathematical programming model has been formulated for
congregating the carless, and the model considers the change of demand of carless over
different periods of a day and different days of a week. Moreover, a walking time limit
has been implicitly considered. The model determines the number of evacuation sites
that need to be set up, their locations and the assignment of demand of carless to the
evacuation sites. Methods proposed by Klincewicz and Luss (1986) and Erlenkotter
(1978) have been used to solve the model. Numerical results show that the methods
work well for this problem in a large network.
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In the routing problem, a Tabu search heuristic has been developed to produce
itineraries of buses to pick up carless at the evacuation sites and transport them to the
safe locations during an emergency evacuation, such that the number of carless
evacuated will be maximized within the time limit. Multiple trips of buses are
considered, and dwell time of buses at evacuation sites and safe locations is included.
Our problem size is comparable to the largest in the VRPMT literature. The heuristic
requires the current locations of buses and their remaining capacities, which will not be
known until the point when the evacuation call has been issued. Therefore, the routing
problem will be solved separately from the location problem and will be solved after the
issuance of the emergency evacuation call. By the nature of an emergency, time is
critical; therefore, a solution (itineraries of buses) must be obtained in short time. Our
numerical study shows that the Tabu search heuristic solves the routing problem
efficiently and effectively; in particular the initial heuristic produces high quality initial
solutions in very short computational time for all cases. We have also investigated the
impact of the congestion effect on the quality of the solution; results show that the
congestion effect could have significant impact to the quality of the solution. Further
analysis shows that the choice of 𝛼𝛼 – a parameter in the bus assignment procedure –

could have significant impact on the objective value of the routing strategy. This
suggests that instead of using a fixed 𝛼𝛼 for all values of 𝑇𝑇, the corresponding best 𝛼𝛼
for a given time limit 𝑇𝑇 should be used.
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This study has also made some contribution to the development of the Tabu search
technique. In the VRPMT literature, the application of Tabu search technique to this
variant of the vehicle routing problem is to minimize cost, whereas in this study our
objective is to maximize the number of carless evacuated. For this specific objective,
two procedures based on removal and insertion moves have been developed to define
the neighborhood of the current solution with an aim to improve objective value as
much as possible in a limited amount of computation time.

From the practical point of view, with the objective to efficiently and effectively
evacuate the carless during an emergency, this study has contributed a decision support
system for both the planning and operational aspects of emergency evacuation of carless
population. On the planning side, the location part of the model helps the planners
decide the number of evacuation sites needed, the locations of these evacuation sites,
and the assignment of the carless to the evacuation sites. This also determines the
expected demand of carless at the evacuation sites, an important input to the routing
problem. On the operational side, the routing part of the model helps the emergency
managers decide the routing strategies of buses to pick up the carless at evacuation sites
and transport them to safe locations. It also identifies that such solutions can be found
quickly, in the case of an emergency evacuation.
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5.4.2 Discussion
The current locations and remaining capacities of buses could be possibly approximated
for any time of a day; in other words, this information may be known in advance.
Therefore, the evacuation problem could be solved prior to any emergency. This makes
solving the location and routing problems simultaneously computationally feasible to
the evacuation problem, and the model may give better results than that of solving these
two (location and routing) problems separately. This could be an arena for future work
to improve the carless evacuation modeling. Moreover, solving the location and routing
problems simultaneously may result in different sets of evacuation sites and assignment
patterns at different periods of a day. However, it would still be better organized for
evacuation if the carless population can be informed where to go for transportation
before any emergency. In other words, the location of evacuation sites and assignment
pattern should remain the same throughout a day and different days of a week.

On the other side, we also recognize the dynamic nature of the routing problem during
the evacuation operations. For example, the number of carless persons arriving at the
evacuation sites may be significantly different from the expected number or the link
travel times may change significantly due to congestion or blockage during the course
of evacuation operations. This requires the routing problem to be resolved; the work in
this study provides a platform that can be extended to address the dynamic nature of the
routing problem (i.e. rerouting problem). The following section will discuss some
preliminary ideas of solving the re-routing problem.
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5.5 Future Extensions
Up to this point, the routing part of the model has considered the current locations and
remaining capacities of buses, a deterministic demand of carless at evacuation sites, and
the dwell time of buses at both evacuation sites and safe locations. However, there are
several parts of the model that can be improved. For example, the number of carless at
each evacuation site may not appear as the expected; therefore, the number of carless at
each evacuation site can be treated as a random variable. On the other hand, in this
study we assume that the carless are already at the evacuation sites at the beginning of
the evacuation operations, which might not be the case, especially when the time limit
for evacuation operation is short. Therefore, a (stochastic) process can be developed to
model the arrival pattern of carless at the evacuation sites.

Moreover, the network is expected to be dynamic during an emergency evacuation, so
the network travel times may change significantly over the course of the evacuation
process. In addition, the actual demand of carless at the evacuation sites during an
emergency may be significantly different from the expected. The change on the demand
of carless at the evacuation sites or travel time on network links, or both, might require
revising the routing strategies of buses. Therefore, a mechanism which can solve the
routing problem dynamically may be needed. For example, suppose there is a
significant change on network travel times due to damage/blockage of some links,
and/or heavy traffic on the network because of the mass evacuation. The preliminary
ideas of a solution mechanism are as follows: let the buses finish their current trips;
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however, if there is any bus affected in its current trip (e.g., blockage of links), then this
bus must be rerouted immediately. By knowing the safe location that each bus is
heading to in its current trip, and based on the updated network travel times, the routing
problem will be solved again to obtain the itineraries of buses for the remaining time in
the evacuation horizon.

An analysis has been done to study effect of considering the uncovered zones in the
routing strategy, in which evacuation sites for the uncovered zones are located at their
centroids. Preliminary results show that the objective value of the routing problem will
be better for some longer values of 𝑇𝑇 if the uncovered zones are considered in the

routing strategy. Since centroids are used as evacuation sites for the uncovered zones,
some of these locations may not be practically feasible as an evacuation site. This
suggests that a further improvement of the current work may be possible, to identify
additional feasible locations in the study area (Tucson) to cover demand of the
uncovered zones, and then to solve the location problem and routing problem for the
full geographic area. In addition, the routing strategies may need to be modified
accordingly. A decision of considering the ‘uncovered zones’ in the routing strategy will
be made upon when the time limit for evacuation is known. In other words, an adaptive
approach may be used to solve the routing problem – considering or not considering the
‘uncovered zones’ in the computation of the routing strategy.
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APPENDIX A GEOGRAPHICAL LOCATIONS OF THE UNCOVERED ZONES
This appendix is a study on the uncovered zones of the numerical application of the
proposed model to the Tucson metropolitan area, using 10, 15 and 20 minutes for the
walking time limit.

Figures 16 and 17 show the distribution of carless demand in the Tucson area during
daytime and nighttime during a weekday, respectively. The intensity of the color (red)
represents the level of carless demand at the zones.

The following representations apply to Figures 16 and 17:

represents a zone with carless demand more than 500
represents a zone with carless demand in (350,500]
represents a zone with carless demand in (200,350]
represents a zone with carless demand in (50,200]
represents a zone with carless demand in [20,50]
represents a zone with carless demand in (0,20)

Note: The focus of the above representations is on the intensity of red color (not the
shape) to indicate the level of carless demand in each zone.

The following representations apply to Figures 18, 19 and 20.

represents centroid of a covered zone
represents centroid of an uncovered zone
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Figure 16. Distribution of the carless demand in zones in Tucson area at daytime during
a weekday
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Figure 17. Distribution carless demand in zones in Tucson area at nighttime during a
weekday

From Figures 16 and 17, we can see that the level of carless demand of zones at both
daytime and nighttime during a weekday are similar.
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The following is an analysis of uncovered zones for walking time limits of 10, 15, 20
minutes. When the walking time limit is 10 minutes, Figure 18 shows the covered and
uncovered zones. When the walking time limit is 15 minutes, Figure 19 shows the
covered and uncovered zones, and Figure 20 shows the covered and uncovered zones
for a walking time of 20 minutes.

Figure 18. The covered and uncovered zones when the walking time limit is 10
minutes
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Figure 19. The covered and uncovered zones when the walking time limit is 15 minutes
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Figure 20. The covered and uncovered zones when the walking time limit is 20 minutes

From Figures 16 – 20, the majority of zones with high level of carless demand are
covered in all values of walking time limits considered. Moreover, from Figures 18, 19
and 20, we can see that most of the uncovered zones are far away from the majority of
the carless population. Moreover, analysis shows that among these uncovered zones,
more than 55%, 65% and 70% of them have carless demand fewer than 20 carless
persons for walking time limits of 10, 15 and 20 minutes, respectively.
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APPENDIX B AN ANALYSIS ON HOW TO HANDLE BUS(ES) AT THE
BEGINNING OF THE EVACUATION OPERATIONS
This appendix is a study to investigate whether buses should be sent directly to the
closest available safe locations, if their remaining capacities are less than or equal to 4
(∆ = 4) at the beginning of the evacuation operations.

The analysis is based on the evacuation of whole Tucson region. Evacuation sites and
their expected demand data is from (20, 2000); that is, the walking time limit for the
carless is 20 minutes and the setup cost of evacuation site is 2000 minutes. We also
assume that the evacuation takes place during daytime. There are 336 evacuation sites
and 600 buses each with a capacity of 50 persons. Travel times on links are assumed to
be under normal traffic condition. Times allowed for evacuation operations are 1.5, 2,
2.5 and 3 hours (i.e. T = 1.5, 2, 2.5 and 3) respectively. 300 scenarios are generated for
each T. In each scenario, current bus locations are uniformly generated from a set of
physical nodes in the Tucson network and their remaining capacities are uniformly
generated from [0,50]. We call the approach allowing buses to be sent directly to the
closest available safe location, the DS approach; otherwise, if buses are sent to
evacuation sites, we call it the NDS approach. The following are the details of the
analysis for each time limit T. Table 29 summarizes the results of this analysis.
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Table 29. Summary of the analysis – Comparison of objective values between DS and
NDS
Number of scenarios in which
Obj(DS) > Obj(NDS)
1.5
300, LD = 1160
2
140, LD = 565
2.5
300, LD = 1145
3
279, LD = 957
LD: Largest Difference
T

Number of scenarios in which
Obj(DS) < Obj(NDS)
0
160, LD = 792
0
21, LD = 296

For T = 1.5, the DS approach performs better than the NDS approach in all 300
scenarios.

Of those 300 scenarios, the DS approach has higher objective value than that of the
NDS approach in all 300 scenarios. The maximum and minimum differences in the
objective value are 1160 and 301 respectively. In 264 out of the 300 scenarios, the
difference in objective value is greater than or equal to 500 between the DS and NDS
approaches. The result is the same when the total number of carless evacuated from
evacuation sites is used for the analysis.

For T = 2, the DS approach performs better than the NDS approach in some scenarios,
whereas in other scenarios the NDS approach performs better than the DS approach.
However, as a whole the NDS approach performs slightly better than the DS approach.
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Of those 300 scenarios, there are 140 scenarios in which the DS approach has higher
objective value than that of the NDS approach. The maximum and minimum differences
in objective value are 565 and 3 respectively, and 4 out of 140 scenarios have a
difference in objective value greater than or equal to 500 between the DS and NDS
approaches. In addition, there are 160 scenarios in which the NDS approach has higher
objective value than that of the DS approach; the maximum and minimum differences in
objective value are 792 and 2 respectively, of which 9 out of 160 scenarios have
difference in objective value more than or equal to 500 between the NDS and DS
approaches. The result is the same when total number of carless evacuated from
evacuation sites is used for the analysis.

For T = 2.5, the DS approach performs better than the NDS approach in all 300
scenarios.

The DS approach has higher objective value than that of the NDS approach in all 300
scenarios. The maximum and minimum differences in objective value are 1145 and 154
respectively, and 191 out of 300 scenarios have difference in objective value greater
than or equal to 500 between the DS and NDS approaches. The result is the same when
the total number of carless evacuated from evacuation sites is used for the analysis.

For T = 3, the DS approach performs better than the NDS approach in most of the
scenarios.
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Of those 300 scenarios, 279 of them show the DS approach has higher objective value
than that of the NDS approach. The maximum and minimum differences in objective
value are 957 and 4 respectively, and 38 of them have the difference in objective value
greater than or equal to 500. Only 21 scenarios indicate that the NDS approach has
higher objective value than that of the DS approach; the maximum and minimum
differences in objective value are 296 and 1 respectively.

Summary
There is a mix of information from this analysis. When T = 1.5 and T = 2.5 , the DS
approach has higher objective value than that of the NDS approach in all 300 scenarios.
However, when T = 2 and 𝑇𝑇 = 3, there are scenarios that the NDS approach has

higher objective value than that of the DS approach. Especially when T = 2 , the NDS
approach as a whole performs slightly better than the DS approach. Nevertheless, the
DS approach performs better than the NDS approach as a whole in the analysis.
Therefore, the DS approach has been adopted in the solution algorithm; that is, if
remaining capacity of a bus is less than or equal to 4 (i.e., ∆ = 4 ) at the beginning of
the evacuation operations, this bus will be sent directly to the closest available safe
location.

155
The above analysis is based on ∆ = 4 (DS approach) versus ∆ = 0 (NDS approach),
and the conclusion is that the DS approach performs better than NDS approach. Given
that the DS approach has been adopted, the next question is whether ∆ = 4 is a
reasonable choice with an aim to attain the maximum objective value. A sensitivity
analysis has been done for the cases when T = 2 and T = 2.5 , to see how the value of
∆ affects the objective value of the routing problem. The following are the details of

the analysis.

For T = 2 , Figure 21 shows the total number of carless evacuated against different
values of ∆ (from 0 to 50).

Objective value

Objective values versus Delta (T=2)
56000
54000
52000

Total number of
carless evacuated

50000
48000
46000
0

20

40

60

Delta

Figure 21. Total number of carless evacuated for different values of ∆ when T = 2
In this particular scenario, the maximum objective value is attained when ∆ = 4 .
Figure 22 shows the total number of carless evacuated against different values of ∆
(from 0 to 50) when T = 2.5.
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Objective values versus Delta (T=2.5)
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Figure 22. Total number of carless evacuated for different values of ∆ when T = 2.5
In this scenario, the maximum objective value is attained when ∆ = 6 . The maximum
did not happen at ∆ = 4 , however, the objective value for ∆ = 4 is at the vicinity of
the maximum.

From the sensitivity analyses for ∆ when T = 2 and T = 2.5 , we see the maximum
either happens at ∆ = 4 or the objective value for ∆ = 4 is at the vicinity of the
maximum, respectively. Results of the sensitivity analysis indicate that, the use of
∆ = 4 might be a reasonable value to determine whether to send a bus directly to the

closest safe location or not when the evacuation begins, with an aim to attain the
maximum objective value.
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Conclusion
An analysis has been done to investigate whether should buses be sent directly to the
closest available safe locations, if their remaining capacities is less than or equal to 4
(∆ = 4) at the beginning of the evacuation operations. Results show that sending these

buses directly to the closest safe locations, as a whole, outperforms its counterpart.
Moreover, a sensitivity analysis has been done to see how the value of ∆ affects the
objective value of the routing problem. Results show that ∆ = 4 might be a reasonable
choice with an aim to attain the maximum objective value of the problem.
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APPENDIX C

AN ANALYSIS ON HOW TO HANDLE THE UNMOVED BUS(ES)

This appendix is to investigate whether the unmoved buses should be given priority
over the other buses to visit evacuation sites or sent directly to the closest available safe
locations.

The analysis is based on the evacuation of entire Tucson area. Evacuation sites and their
expected demand data is from (20, 2000); that is, the walking time limit for the carless
is 20 minutes and the setup cost of an evacuation site is 2000 minutes. We assume the
evacuation takes place during daytime. There are 336 evacuation sites and 600 buses
each with a capacity of 50 persons. Travel times on links are assumed to be under
normal traffic condition. Times allowed for evacuation operations are 0.5, 1, 1.5, and 2
hours (i.e. T = 0.5, 1, 1.5 and 2) respectively. 300 scenarios are generated for each value
of T.

In each scenario, current bus locations are uniformly generated from a set of

physical nodes in the Tucson network and their remaining capacities are uniformly
generated from [0,50]. We call the one giving priority to unmoved buses to visit
evacuation sites over other buses the GP approach, whereas sending unmoved buses
directly to the closest available safe locations as the SD approach. The following are the
details of the analysis for each time limit T. Table 30 summarizes the analysis.
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Table 30. Summary of the analysis – Comparison of objective values between GP and
SD
Number of scenarios
in which
Obj(GP) > Obj(SD)
0.5
288, LD = 170
0.75
141, LD = 107
1
24, LD = 43
1.5
18, LD = 100
LD: Largest difference
T

Number of scenarios
in which
Obj(GP) = Obj(SD)
1
133
269
282

Number of scenarios
in which
Obj(GP) < Obj(SD)
11, LD = 13
26, LD = 45
7, LD = 38
0

For T = 0.5, the GP approach performs better than the SD approach most of the time.

Of these 300 scenarios, there are 288 scenarios in which the GP approach has higher
objective value than that of the SD approach. Among those 288 scenarios, the largest
difference in the objective value is 170. Only in one scenario did both approaches have
the same objective value, and in the remaining 11 scenarios the SD approach has higher
objective value than that of the GP approach. The largest difference in objective value
among these 11 scenarios is 13. The result is the same when the total number of carless
evacuated from the evacuation sites is used in the analysis.

For T = 0.75, the GP approach performs better than the SD approach most of the time,
and there are a significant number of scenarios that both approaches have the same
objective value.
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Of these 300 scenarios, there are 141 scenarios in which the GP approach has higher
objective value than that of the SD approach. Among those 141 scenarios, the largest
difference in the objective value is 107. There are 133 scenarios in which both
approaches have the same objective value, and in the remaining 26 scenarios, the SD
approach has higher objective value than that of the GP approach. The largest difference
in the objective value is 45. The result is the same when the total number of carless
evacuated from the evacuation sites is used in the analysis.

For T = 1, the GP and SD approaches have the same objective value in large portion of
the 300 scenarios. From the rest of the scenarios, still it shows that the GP approach is
better than the SD approach.

Of these 300 scenarios, there are 269 scenarios in which both approaches have the same
objective value. This is because as T increases there are fewer unmoved buses.
Among the other 31 scenarios, the GP approach has higher objective value than that of
the SD approach in 24 scenarios, in which the largest difference in the objective value is
43; whereas the SD approach has higher objective value than that of the GP approach in
the other 7 scenarios, and the largest difference is 38. The result is the same when the
total number of carless evacuated from the evacuation sites is used in the analysis.

For T = 1.5, the GP approach is either the same or performs better than the SD
approach in all 300 scenarios.
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Of these 300 scenarios, there are 282 scenarios in which both approaches have the same
objective value. This is because as T increases there are fewer unmoved buses. The
GP approach has higher objective value than that of its counterpart in the remaining 18
scenarios, and the largest difference is 100.

Conclusion
The number of scenarios that both GP and SD approaches have the same objective value
increases as T increases; this is because there are fewer number of unmoved buses as
T increases. Therefore, the GP and SD approaches become more similar. However,

results show that the GP approach performs better than the SD approach in the
significant number of scenarios when T = 0.5 and 0.75. Moreover, although the GP
and SD approaches have the same objective value in most of the scenarios when T = 1
or 1.5; nevertheless, the GP approach performs better than the SD approach in the
remaining scenarios for these two time limits.
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APPENDIX D MATHEMATICAL DESCRIPTION OF THE TABU SEARCH
HEURISTIC

This appendix provides the mathematical details of the Tabu search heuristic of this
study. Refer to Chapter 4 for the definition of notations in this appendix.
Initial Solution Phase
Phase 1: Construction of an Initial Feasible Solution
Step 0. for k = 1 : K
If bc kR ≤ ∆ ,
q = capb − bc kR

PS = {s : q ≤ c sR , t bl* k s ≤ bt kR , s ∈ S}
Send bus k to the closest available safe location s * ,
*
i.e. t bl

Λk =

ks

*

*
*
= min{t bl
} ; bt kR = bt kR − t bl
ks

s∈PS
*
Λ k + t bl
*;
ks

ks

*

− q ⋅τ a ;

Taltm _ LV (k ) = q ⋅ τ a ; bl k = s * ;

R
R
bc kR = capb ; c s* = c s* − q ; g = g + q ; then k = k + 1

end
end
Ω = 0;

While (there is improvement on g )
Step 1. {d (Ri) }in=1 = rank {d iR }in=1 in descending order
Step 2.

for i = 1 : n

 d (Ri) 

number of buses to be sent to evacuation site (i ) = 
α * capb 
where x  is the smallest integer greater than x
buses are sent to (i ) based on earliest arrival time, as follows:
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{at k (i ) }kK=1 = {Λ k + t bl* k (i ) }kK=1 ;
{at ( k )(i ) }kK=1 =

rank {at k (i ) }kK=1 in ascending order

 d (Ri) 
, K }
for k = 1 : min{
α * capb 
p(i )( k ) = min{bc(Rk ) , d (Ri) }
R
q = p (i )( k ) + capb − bc( k )

*
PS = {s : q ≤ c sR , t bl
+ p(i )( k ) ⋅ τ b + t (*i ) s ≤ bt (Rk ) , s ∈ S }
( k ) (i )

if PS ≠ φ , then send bus (k ) to safe location s * where
t (*i ) s* = min{t (*i ) s } ; Ω = Ω + 1;
s∈PS

LT [(k )] = Ω; Taltm _ LV [(k )] = q ⋅ τ a ;
*
+ p(i )( k ) ⋅ τ b ) − (t (*i ) s* + q ⋅ τ a ) ;
bt (Rk ) = bt (Rk ) − (t bl
( k ) (i )
*
+ p(i )( k ) ⋅ τ b + t (*i ) s* + q ⋅τ a); bl ( k ) = s * ;
Λ ( k ) = Λ ( k ) + (t bl
( k ) (i )

R
R
bc(Rk ) = capb ; d (Ri) = d (Ri) − p(i )( k ) ; c s* = c s* − q ; f = f + p(i )( k ) ;
g = g+q

end
end
end
end
Step 3. Detection of unmoved bus

{ }

*
UMB = {u : bt uR = T , min t bl
≤ T , u ∈ Κ} ;
us
s∈S

Detection of dead bus

{ }

*
DB = {k : bt kR = T , min t bl
> T , k ∈ Κ}
ks
s∈S

Step 4. If UMB ≠ φ and d iR = 0, ∀i
Send the unmoved buses in UMB to the closest available safe locations
as follows:
for each u ∈ UMB
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q = capb − bcuR

PS = {s : q ≤ c sR , t bl* u s ≤ bt uR , s ∈ S}
If PS ≠ φ ,
Send the unmoved bus u ∈ UMB to the safe location s * such that
*
*
*
; blu = s * ; bt uR = bt uR − t bl
t bl
= min t bl
− q ⋅τ a ;
us
s*
s*
u

s∈PS

{ }

u

R
R
Taltm _ LV [u ] = q ⋅ τ a ; c s* = c s* − q ; g = g + q;
end

end
end

{bt kR }kK=1 = {bt kR }kK=1 + {Taltm _ LV [k ]}kK=1

If there exists some evacuation site i such that d iR ≠ 0 and UMB ≠ φ , then Phase
1(GP) will be initiated as follow:

Phase 1(GP): Construction of an Initial Feasible Solution
Step 0. for k = 1 : K
If bc kR ≤ ∆ ,
q = capb − bc kR

PS = {s : q ≤ c sR , t bl* k s ≤ bt kR , s ∈ S}
Send bus k to the closest available safe location s * ,
*
i.e. t bl

Λk =

ks

*

*
*
= min{t bl
} ; bt kR = bt kR − t bl
ks

s∈PS
*
Λ k + t bl
*;
ks

ks

*

− q ⋅τ a ;

Taltm _ LV (k ) = q ⋅ τ a ; bl k = s * ;

R
R
bc kR = capb ; c s* = c s* − q ; g = g + q ; then k = k + 1

end
end
Ω = 0;
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Step 00. Rank the remaining capacities of unmoved buses in descending order
i.e. {bc(Ru ) : u = 1,2,... | UMB |} = rank {bcuR : u ∈ UMB} in descending order
for u = 1 :| UMB |
Set Θ = φ
Create I (u ) = {i : d iR ≥ bc(Ru ) }
If I (u ) ≠ φ ,
*
Θ = {(i, s) : t bl
+ bc(Ru ) ⋅ τ b + t is* ≤ bt (Ru ) , c sR ≥ capb, i ∈ I (u ) , s ∈ S }
( u )i

If Θ ≠ φ ,
*
t bl

( u )i

{

*
+ t i**s* = min t bl
+ t is*
( u )i

*

(i , s )∈Θ

}

send bus (u ) ∈ UMB to evacuation site i * and proceed to safe
location s * , pi* (u ) = bc(Ru ) ;
end
end
If Θ = φ ,
Create I (u ) = {i : 0 < d iR < bc(Ru ) }
If I (u ) ≠ φ ,
*
Θ = {(i, s) : t bl
+ d iR ⋅ τ b + t is* ≤ bt (Ru ) , c sR ≥ capb − bc(Ru ) + d iR , i ∈ I (u ) , s ∈ S }
( u )i

If Θ ≠ φ ,
Φ = {i : (i,⋅) ∈ Θ, d iR ≥ d Rj , ∀( j ,⋅) ∈ Θ}
*
t bl

( u )i

*

+ t i**s* =

min

(i , s )∈Θ:i∈Φ

{t

*
bl( u )i

+ t is*

}

send bus (u ) ∈ UMB to evacuation site i * and
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proceed to safe location s * , pi* (u ) = d iR* ;
end
end
end
If Θ ≠ φ ,
q = capb − bc(Ru ) + pi* (u ) ; Ω = Ω + 1;
*
bt (Ru ) = bt (Ru ) − (t bl

*
( u )i

+ pi* (u ) ⋅ τ b + t i**s* + q ⋅ τ a ); bl (u ) = s * ;

*
bc(Ru ) = capb; Λ (u ) = Λ (u ) + (t bl

( u )i

*

+ pi* (u ) ⋅ τ b + t i**s* + q ⋅ τ a );

LT [(u )] = Ω; Taltm _ LV [(u )] = q ⋅ τ a ;

d iR* = d iR* − pi* (u ) ; c sR* = c sR* − q; f = f + pi* (u ) ; g = g + q;

Otherwise,
send bus (u ) ∈ UMB to the closest available safe location
*
s * , i.e. t bl

*
(u ) s

*
= min{t bl
: c sR ≥ capb − bc(Ru ) , s ∈ S }
(u ) s

*
q = capb − bc(Ru ) ; bt (Ru ) = bt (Ru ) − t bl

(u ) s

*
bc(Ru ) = capb; Λ (u ) = Λ (u ) + t bl

(u ) s

*

*

+ q ⋅ τ a ; Taltm _ LV [(u )] = q ⋅ τ a

c sR* = c sR* − q; g = g + q;
end
end
While (there is improvement on g )
Step 1. {d (Ri) }in=1 = rank {d iR }in=1 in descending order

Step 2.

for i = 1 : n

− q ⋅ τ a ; bl (u ) = s * ;
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 d (Ri) 

number of buses to be sent to evacuation site (i ) = 
α * capb 
buses are sent to (i ) based on earliest arrival time, as follows:
*
K
K
i.e. {at k (i ) }k =1 = {Λ k + t blk (i ) }k =1 ;

{at ( k )(i ) }kK=1 =

rank {at k (i ) }kK=1 in ascending order

 d (Ri) 
, K }
for k = 1 : min{
α * capb 
p(i )( k ) = min{bc(Rk ) , d (Ri) }
R
q = p (i )( k ) + capb − bc( k )

*
PS = {s : q ≤ c sR , t bl
+ p(i )( k ) ⋅ τ b + t (*i ) s ≤ bt (Rk ) , s ∈ S }
( k ) (i )

if PS ≠ φ , then send bus (k ) to safe location s * where
t (*i ) s* = min{t (*i ) s } ;
bt (Rk )

=

s∈PS
bt (Rk )

*
− t bl
− p(i )( k ) ⋅ τ b − t (*i ) s* − q ⋅ τ a ;
( k ) (i )

*
Λ ( k ) = Λ ( k ) + (t bl
+ p(i )( k ) ⋅ τ b + t (*i ) s* + q ⋅ τ a ); bl ( k ) = s *
( k ) (i )

Ω = Ω + 1; bc(Rk ) = capb ; LT [(k )] = Ω; Taltm _ LV [(k )] = q ⋅ τ a ;
R
R
d (Ri) = d (Ri) − p(i )( k ) ; c s* = c s* − q ; f = f + p(i )( k ) ; g = g + q ;
end

end
end
end
There might be some bus k ∉ UMB that is not moved; this bus will be sent directly to
the closest available safe location(s). To achieve this, we have
Step 3. Π = {k : bt kR = T , k ∉ DB}
If Π ≠ φ ,
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for each k ∈ Π
q = capb − bc kR

PS = {s : c sR ≥ q, t bl* k s ≤ bt kR , s ∈ S}
If PS ≠ φ ,
*
Send bus k to safe location s * such that t bl
*
bt kR = bt kR − t bl

ks

*

ks

*

*
− q ⋅ τ a ; bl k = s * ; Λ k = Λ k + t bl

{ }

*
= min t bl
ks
s∈PS

ks

*

+ q ⋅τ a ;

bc kR = capb; Taltm _ LV [k ] = q ⋅ τ a ; c sR* = c sR* − q; g = g + q;

end
end
end

{bt kR }kK=1 = {bt kR }kK=1 + {Taltm _ LV [k ]}kK=1

Phase 2: Tabu Search Phase
Given the current solution y (could be an initial solution from the initial solution
phase or an updated solution from the previous iteration of the Tabu search phase).

Bus 1 : r11 , r12 ,..., r1ω1

2 : r21 , r22 ,..., r2ω2
.
.
k : rk1 , rk 2 ,..., rkωk
.
.
K : rK 1 , rK 2 ,..., rKωK
The following is a procedure to find the neighborhood of current solution y , i.e. N ( y )
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for i = 1 : n
~

Create R(i ) = {r(1) (i ), r( 2) (i ),..., r( ni ) (i )}
Set U (i −) = φ
for j = 1 : ni
Create R i − = {r : r ∈ ℜ \ R(i ), C rR ≥ C ( j )i }
If R i − = φ , then j = j + 1 .
Otherwise,
Sort the trips r ∈ R i − in ascending order of their C rR ' s
~

i.e. R i − = {r( h ) : r( h ) ∈ R i − , C rR( h ) ≤ C rR( h +1) }
~

for m = 1 : R i −
r * = r( m)

If i ∈ r * ,
If ∆t ≤ bt kR( r * ) ,
‘Insert’ i into trip r * in the sense that
increase the pickup amount of trip r * at i by C ( j )i

C rR* = C rR* − C ( j )i ; C rR( j ) (i ) = C rR( j ) (i ) + C ( j )i ;
c sR( r( j ) (i )) = c sR( r( j ) (i )) + C ( j )i ; c sR( r* ) = c sR( r* ) − C ( j )i ;
bt kR( r * ) = bt kR( r * ) − ∆t ;

U (i −) = U (i −){r( j ) (i ), ts ( j )i , C rR( j ) (i ) , p( j ) , q( j ) }
if j ≠ ni , then j = j + 1
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Otherwise, m = m + 1;
Otherwise,
find the best permutation of i and the internal nodes of r * such
that the trip time of r * is minimal (note: start and end nodes of

r * remain unchanged)
If ∆t ≤ bt kR( r * ) ,
Insert i into r * ,

C rR* = C rR* − C ( j )i ; C rR( j ) (i ) = C rR( j ) (i ) + C ( j )i ;
c sR( r( j ) (i )) = c sR( r( j ) (i )) + C ( j )i ; c sR( r* ) = c sR( r* ) − C ( j )i ;
bt kR( r * ) = bt kR( r * ) − ∆t ;

U (i −) = U (i −){r( j ) (i ), ts ( j )i , C rR( j ) (i ) , p( j ) , q( j ) } ;
If j ≠ ni , then j = j + 1
Otherwise, m = m + 1;

After termination of removal and insertion procedure for evacuation site i from
~

r( j ) (i ) ∈ R (i ) to r ∈ ℜ \ R (i ) ; then attempt to carry out removal and insertion of
~

evacuation site i among trips r( j ) (i ) ∈ R(i ) \ {all r( j ) (i ) ∈ U (i −)} if possible.

~

Set H (i ) = R(i ) \ {all r( j ) (i ) ∈ U (i −)}
If | H (i ) |≤ 1 ,
terminate the removal and insertion procedure for evacuation site i , and go to
Step 1’ – 3’ (insertion of remaining demand of other evacuation sites into the trips
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in U (i −) ).
Otherwise, given H (i ) = {r(1) (i ), r( 2) (i ),..., r( µi ) (i )} , where µ i ≥ 2
Set w = 0;
for j = 1 : µ i
Create P(i ) = {r (i ) : r (i ) ∈ H (i ), r (i ) ≠ r(1) (i ), C rR(i ) ≥ C (1)i , ∆t ≤ bt kR( r (i )) }
where ∆t is the trip time increment when i ∈ r(1) (i ) is inserted into r (i )
If P(i ) ≠ φ ,
Insert i into r * (i ) for which C rR* (i ) − C (1)i = min {C rR(i ) − C (1)i }
r (i )∈P (i )

increase pickup amount of r * (i ) at i by C (1)i

C rR* (i ) = C rR* (i ) − C (1)i ; C rR(1) (i ) = C rR(1) (i ) + C (1)i ;

c sR( r(1) (i )) = c sR( r(1) (i )) + C (1)i ; c sR( r* (i )) = c sR( r* (i )) − C (1)i ;
bt kR( r * ) = bt kR( r * ) − ∆t ;

U (i −) = U (i −){r(1) (i ), ts (1)i , C rR(1) (i ) , p(1) , q(1) } ; H (i ) = H (i ) \ r(1) (i ) ; then
shift the ranking of trips in H (i ) down by 1 (i.e. r( z ) (i ) becomes
*
r( z−1) (i ) ), and put r (i ) as the last element of H (i ) , w = w + 1;

if j ≠ µ i , then j = j + 1
Otherwise,
Set V = {v : C (Rµi − w−v )i > 0, ∆t ≤ bt kR( r( µ − w−v ) (i )) , v = 0,1,2,..., µ i − w − 2}
i

Where ∆t is the trip time increment when i removed from r(1) (i ) and
part
of
its
pickup
amount
is
inserted
into
trip
r( µi − w−v ) (i ), v = 0,1,2,..., µ i − w − 2
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find J * = min  J : ∑ C (Rµi − w−v )i ≥ C (1)i 

 v∈V

 v≤ J ∈V

If such J * exists,
*
Distribute C (1)i to the trips in DIR = {r( µi − w−v ) (i ) : v ∈ V , v ≤ J }

(the

distribution

begins

from

the

last

trip

(i.e.

{r( µ − w−v* ) (i ) : v = min{v ∈ V }} ), and fill up the remaining capacity of
*

i

DIR .

the trips in

Increase the pickup amount of trips

{r( µi − w−v ) (i ) : v ∈ V , v < J } at
*

{C rR( µ − w−v ) (i ) : v ∈ V , v < J * }

by

i

i

respectively, and increase the pickup amount of trip r( µ − w− J * ) (i ) at
i

∑

i by (C (1)i −

{v:v∈V ,v< J *}

{C

R
r( µi − w − v ) (i )

C rR

{c

( µi − w − J * )

(i )

c sR( r

( µi − w − J * )

c sR( r(1) (i ))

=

}

= 0 : {v : v ∈ V , v < J * }

= C rR

R
s ( r( µi − w− v ) (i ))

C rR( µ − w−v ) (i ) )
i

( µi − w − J * )

(i )

∑

− (C (1)i −

{v:v∈V ,v < J }
*

C rR( µ − w−v ) (i ) )
i

}

= c sR( r( µ − w−v ) (i )) − C rR( µ − w−v ) (i ) : {v : v ∈ V , v < J * }

(i ))

i

i

= c sR( r

( µi − w − J * )

c sR( r(1) (i ))

(i ))

− (C (1)i −

∑

{v:v∈V ,v < J }
*

R
k ( r( µi − w− v ) (i ))

i − w−v )

(i ) )

+ C (1)i ;

C rR(1) (i ) = C rR(1) (i ) + C (1)i ;

{bt

C rR( µ

= bt kR( r( µ − w−v ) (i )) − ∆t : v ∈ V , v ≤ J *
i

U (i −) = U (i −){r(1) (i ), ts (1)i , C rR(1) (i ) , p(1) , q(1) } ;

}

H (i ) = H (i ) \ r(1) (i ) ; then shift the ranking of trips in H (i ) down by

1, w = w + 1;
If j ≠ µ i , then j = j + 1;
Otherwise,
Put r(1) (i ) as the last element of H (i ) ,
if j ≠ µ i , then j = j + 1;
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Following is a procedure to insert the remaining demand of evacuation site
j; j = 1,2,..., n into trips in U (i −) . Since evacuation site i is removed from trips in
U (i −) , therefore, insertion of i into trips in U (i −) is Tabu. The heuristic is as

follows:
Set v = 0;
R
Step 1’: Rank U (i −) = {( ru (i −), tsui , C ru (i −) , pu , qu ) : u = 1,2,..., π i − − v} in descending

order,
~

i.e. U (i −) = {( r(u ) (i −), ts (u )i , C rR(u ) (i −) , p(u ) , q(u ) ) : u = 1,2,..., π i − − v}
Step 2’: for u = 1 : π i − − v
Create

{

M (u ) = j : d Rj ≥ C rR(u ) (i −) , t p(u ) j + t jq(u ) − t p(u )q(u ) + C rR(u ) (i −) ⋅ I BA (r(u ) (i −)) ≤ ts (u )i
If M (u ) ≠ φ ,
Insert evacuation site j ' into trip r(u ) (i −) , in which

t p( u ) j ' + t j 'q( u ) − t p( u )q( u ) + CrR( u ) (i − ) ⋅ I BA (r(u ) (i −))
= min {t p( u ) j + t jq( u ) − t p( u )q( u ) + C rR( u ) (i − ) ⋅ I BA (r(u ) (i −))}
j∈M ( u )

R
R
R
R
R
R
Update d j ' = d j ' − C r(u ) (i −) ; c s ( r( u ) (i −)) = c s ( r( u ) (i −)) − C r(u ) (i −)

f = f + C rR(u ) (i −) ; g = g + C rR(u ) (i −) ; C rR(u ) (i −) = 0;

(

)

ts (u )i = ts (u )i − t p(u ) j ' + t j 'q(u ) − t p(u )q(u ) + C rR(u ) (i −) ⋅ I BA (r(u ) (i −)) ;
R
Note: ts (u )i = ts (u )i − C r(u ) (i −) ⋅ I BA (r(u ) (i −)); if j ' is already in

r(u ) (i −) before insertion

bt kR( r(u ) (i −)) = bt kR( r(u ) (i −)) + ts (u )i ;
~

~

U (i −) = U (i −) \ {r(u ) (i −), ts (u )i , C rR(u ) (i −) , p(u ) , q(u ) }
v = v + 1; repeat Step 2’ with u = 1;

}
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Step 3’: for u = 1 : π i − − v
Create

{

M (u ) = j : 0 < d Rj < C rR(u ) (i −) , t p(u ) j + t jq(u ) − t p(u )q(u ) + d Rj ⋅ I BA (r(u ) (i −)) ≤ ts (u )i
If M (u ) ≠ φ ,
Insert evacuation site j ' into trip r(u ) (i −) , in which
d Rj' = max {d Rj } ; update d j ' = 0; c s ( r( u ) (i −)) = c s ( r( u ) (i −)) − d j ' ;
R

R

R

R

j∈M ( u )

R
R
R
f = f + d Rj' ; g = g + d Rj' ; C r(u ) (i −) = C r(u ) (i −) − d j ' ;

(

)

ts (u )i = ts(u )i − t p(u ) j ' + t j 'q(u ) − t p(u )q(u ) + d Rj' ⋅ I BA (r(u ) (i −)) ;
Note: ts (u )i = ts (u )i − d Rj' ⋅ I BA (r(u ) (i −)); if j ' is already in r(u ) (i −)
before insertion
p (u ) = j ' ;

then go to Step 1’;
If u = π i − − v , then terminate the procedure for inserting remaining demands
of evacuation sites

Notes: 1. If there is/are still trip(s) in U (i −) (i.e. π i − − v > 0 ) after the termination
of the procedure for inserting remaining demands of evacuation sites (Step
1’ – 3’), the procedure will be implemented again, and remaining operation
time of buses containing this/these trip(s) will be incorporated on the right
R
hand side of the time constraint in M (u ) (i.e. ts (u )i + bt k ( r(u ) (i −)) ).

2. After Step 1’ – 3’ has been terminated for the second time, for those trip(s)
r(u ) (i −) that insertion of remaining demands has been made, and still in
R
R
U (i −) , this/these trips have bt k ( r( u ) (i −)) = bt k ( r( u ) (i −)) + ts (u )i .

}
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3. If there is no insertion of remaining demands is made to some trip(s)
r(u ) (i −) in U (i −) , then the removal of evacuation site i will be undone to

this/these trip(s).

Then an element of neighborhood of the current solution y is found, i.e. yi
end
After a complete cycle (i = 1 : n) , then the neighborhood of the current solution y is
found, i.e. N ( y ) = { y1 , y 2 ,..., y n } . The next current solution is

y ' such that

Ψ ( y ' ) = max{Ψ ( yi )}. If Ψ ( y ' ) > Ψ ( y * ) , set y * = y ' . Based on the recent current
i

solution y ' , another cycle (i = 1 : n) can be repeated to continue the search if time
allows.
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