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ABSTRACT

While efficiency, e.g. minimizing total cost, is the major concern in commercial
operations, equity comes forward as an essential requirement in humanitarian oper-
ations such as response services. In humanitarian operations, models that address
inequity-averseness have received insignificant attention. In this thesis, we aim to
incorporate both efficiency and equity objectives into disaster preparedness and re-
sponse operations. The Gini coefficient has been utilized in the economics literature
for assessing income inequity among individuals. In this work, we develop models
that incorporate measures of equity based on the Gini coefficient from the economics
literature, to balance efficiency and equity.

First, we study the problem of selecting a set of shelter locations in preparation for
natural disasters. We incorporate uncertainties concerning demand locations, demand
amounts, and road network accessibility into the problem. Our goal is to minimize a
measure derived from individual distances that take both efficiency and inequity into
account. We use a stochastic model with a set of possible disaster scenarios. Demand,
affected population, and traversable road distances between population nodes and
facility locations depend on the scenarios. A chance constraint is defined on the total
cost of opening the shelters and their capacity expansion. In this stochastic context,
a weighted mean of the so-called ex ante and ex post versions of the inequity-averse
objective function under uncertainty are optimized. Since the model can be solved
to optimality only for small instances, we developed a tailored genetic algorithm
(GA) that utilizes a mixed integer programming subproblem to solve this problem
heuristically for larger instances. We compared the performance of the mathematical
program and the GA via benchmark instances. It turns out that the GA yields small

optimality gaps in a much shorter time for these instances. We run the GA also on
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real data of the Kartal district in Istanbul to drive insights to guide decision-makers
for preparation. We also implement a bi-objective analysis to approximate the Pareto
frontier considering efficiency and equity as separated objectives. Furthermore, we
compared ex-ante and ex-post approaches in the objective function.

Second, we study the distribution of relief supplies to the shelters as part of hu-
manitarian relief logistics in response to a natural disaster. We consider the problem
of planning vehicle routes between a depot and shelters as well as assigning relief
supply delivery amounts to the shelters. We assume the prepositioned relief supply
amount will not be sufficient enough to meet all shelters’” demands. We define two
objectives for the problem: minimization of the total time of relief item distribution
and the Gini index related inequity measure on the unsatisfied demand percentages
among the shelters. We develop three mathematical formulations for the problem
based on the VRP formulation in the literature. We adopt the e-constraint approach
to handle our multi-objective problem. We solve the linear relaxation of the prob-
lem with column generation, which ensures a good quality lower bound. Moreover,
a branch-and-price (B&P) algorithm is proposed to solve the problem efficiently to
optimality. Our computational results show the superior performance of the B&P
algorithm to solving the alternative models with commercial solvers. Finally, we ex-
ecute the B&P algorithm on real data of Istanbul and provide some insights to be

considered by the decision makers.



OZETCE

Verimlilik, toplam maliyeti minimize etmek yerine, ticari operasyonlarda biiyiik bir
endige kaynagidir. Operasyonel yonleri ele alan optimizasyon problemleri géz ontinde
bulundurulmahdir. Yoneylem Arastirmasi literatiiriinde, kaynak tahsisi, tesis yeri,
zamanlama ve telekomiinikasyonda bant genisligi tahsisi; igbirlikci lojistikte maliyet
/ fayda tahsisi; saglik hizmetlerinde organ, kan ve ilag dagilimi; kamu tesisi yeri.
Bununla birlikte, insani yardim operasyonlarinda, esitsizlikten kaginmaya hitap eden
modeller nispeten daha az dikkat ¢cekmistir. Bu ¢aligmada, afete hazirlik ve miidahale
operasyonlarini birlegtirmeyi hedefliyoruz.

Bu tezde, once dogal afetlere hazirlik icin bir dizi siginak yeri se¢cme problemini
inceliyoruz. Talep konumlari, talep miktarlar:1 ve karayolu ag1 erisilebilirligine iligkin
belirsizlikleri soruna dahil ediyoruz. Amacimiz, hem verimliligi hem de egitsizligi
hesaba katan bireysel mesafelerden tiiretilmis bir 6l¢iimii en aza indirmektir. Ver-
imlilik, bir kisi tarafindan belirlenen barinak yerine ulagsmak i¢in kat edilen ortalama
mesafe ile tanimlanir ve esitsizlik, Gini'nin Ortalama Mutlak Fark: olarak olgiiliir.
Bir dizi olas1 felaket senaryosu olan stokastik bir model kullaniyoruz. Talep, etkilenen
niifus ve niifus diigiimleri ile tesis yerleri arasindaki hareketli yol mesafeleri senary-
olara dayanmaktadir. Barmaklarin agilmasinin toplam maliyeti ve kapasite artirimi
konusunda bir sans kisitlamasi tanimlanmigtir. Bu stokastik baglamda, belirsizlik
altinda egitsizlikten kaginan amag fonksiyonunun sézde ex-ante ve ex-post versiyon-
larinin agirlikli bir ortalamasi optimize edilmistir. Model sadece kii¢iik durumlar igin
iyimserlige ¢oziilebildiginden, bu problemi daha biiylik durumlar i¢in bulusgsal olarak
¢ozmek icin karma bir tamsay1 programlama alt problemini kullanan 6zel bir genetik
algoritma (GA) geligtirdik. Matematiksel programin ve GA’nin, modelin iyimserlige

veya iyimserlige yakin bir gekilde ¢oziilebildigi temel 6rneklerle kargilagtirdik. GA’nin
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bu durumlar icin ¢ok daha kisa stirede kiigiik bir iyimserlik boslugu sagladigi or-
taya cikti. Karar vericilere hazirlik igin rehberlik amaciyla i¢ goriileri saglamak igin,
Istanbuldaki Kartal ilcesinin gercek verileri iizerine de GAy1 kullamiyoruz. Ayrica,
nesnel iglevdeki eski ve eski yaklagimlari kargilagtirdik. Ayri hedefler olarak verimlilik
ve egitligi goz oniinde bulundurarak Pareto sinirina yaklagmak icin iki hedefli bir
analiz de uyguluyoruz.

Ikinci olarak, dogal afetlere yamt olarak insani yardim lojistiginin bir parcast
olarak yardim malzemelerinin barimaklara dagitimini inceliyoruz. Depo ve siginaklar
arasinda ara¢ rotalarimin planlanmasinin yani sira siginaga rolyef arz teslimat tu-
tarlarinim tahsis edilmesinin problem oldugunu diigiiniiyoruz. Ongoriilen rolyef arz
miktarimin tiim barmnak taleplerini karsilamak igin yeterli olmayacagini varsayiyoruz.
Problem i¢in iki hedef tanimlariz: siginaklar arasindaki kargilanmayan talep ytizdeleri
tizerindeki toplam serbest birakma madde dagitim siiresinin ve Gini endeksine bagh
esitsizlik olgiitiiniin asgariye indirilmesi. Literatiirdeki VRP formiilasyonuna daya-
narak problem icin ii¢ matematiksel formiilasyon gelistiriyoruz. Cok amagl sorunumuzu
ele almak icin cons-kisitlama yaklagimini benimsiyoruz. Problemin lineer gevsemesini,
iyi bir diisiik baglama saglayan kolon jenerasyonu ile ¢ozeriz. Ayrica, sorunu iyimser-
likle verimli bir gekilde ¢6zmek i¢in branch-and-price (B& P) algoritmasi 6nerilmistir.
Hesaplamali sonuglarimiz, B& P algoritmasinin alternatif modelleri ticari ¢oziictilerle
¢ozme konusundaki tistiin performansini gostermektedir. Son olarak, B& P algorit-
masini Istanbul'un gercek verileri {izerine uyguluyoruz ve karar vericiler tarafindan

dikkate alinmas1 gereken bazi bilgileri veriyoruz.
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Chapter 1

INTRODUCTION

While efficiency, e.g., minimizing total cost, is the major concern in commercial
operations, equity comes forward as an essential requirement in humanitarian op-
erations such as response services. Optimization problems addressing operational
aspects should aim at providing equitable services to victims in order to make the
suggested solutions acceptable. In the Operations Research literature, equity has
been addressed in problems such as resource allocation, facility location, scheduling
and transportation in various contexts such as bandwidth allocation in telecommu-
nications; cost/benefit allocation in collaborative logistics; organ, blood, and drug
allocation in health care; public facility location (Balcik et al. 2010), and hazardous
material transportation (Gopalan et al. 1990). However, in humanitarian operations,
models that address inequity-averseness have received relatively less attention. In this
thesis, we aim to incorporate both efficiency and equity objectives into both disaster
preparedness and response operational decisions, namely shelter location and relief

item distribution decisions.

1.1 Shelter location problem for disaster preparedness

In general, equity (often synonymously called fairness) aims at equal distribution of
benefits or disutilities. For instance, in hazardous material transportion, Gopalan
et al. (1990) calculate the risk associated with an accident for each district in a net-
work as a disutility measure. Then for considering equity, they impose a limit on the
difference in total risk between every pair of districts. In facility location problems,

geographic equity of access to service facilities has been measured in different terms,
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usually based on the distances between demand points and assigned facilities (see
the review articles (Karsu and Morton 2015) and (Ogryczak 2000)). Maximizing the
share of population covered within a pre-defined distance or travel time, or minimiz-
ing the maximum distance from demand points to facilities (Rawlsian approach) are
examples of approaches commonly resorted to in facility location. On the other hand,
mean absolute deviation and the Gini coefficient have been utilized in the economics
literature for assessing income inequity among individuals. In this study, we develop
a model that incorporates measures of equity from the economics literature, to bal-
ance efficiency and equity in shelter location decisions under uncertainties concerning

demand locations, demand amounts, and road network accessibility.

We study the problem of selecting the locations of shelters to be established as a
preparation step for possible natural disasters. Following a disaster, shelters are often
provided by organizations or governmental agencies to gather the victims under a
safe temporary living space and deliver essential relief services to them, such as food,
water, medicine, etc. In case of a disaster, persons from an affected population at
different locations go to or are transported to the assigned opened shelters. Informing
the people before a disaster about which shelter they are assigned to, as a preparedness
measure, saves precious time after a disaster and helps the planning activities. On
the side of an individual, the disutility of the travel to the shelter is expressed by
the distance to the assigned shelter. Our goal is to minimize a measure derived from
individual distances that takes both efficiency and inequity into account. Efficiency is
defined by the mean distance travelled by an individual to reach the assigned shelter

location, and inequity is measured as Gini’s Mean Absolute Difference of the distances.

Since it is not clear in advance where the disaster will strike and which population
nodes it will affect to which extent, we use a stochastic model with a set of possi-
ble disaster scenarios. Demand, affected population, and traversable road distances
between population nodes and facility locations depend on the scenarios. In order
to consider also budget limitations, we use a chance constraint. This constraint en-

sures that with a given minimum probability near to unity, the total monetary cost of
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opening the shelters and expanding their capacities according to the realized demands
after the disaster does not exceed the given budget. In the context of the mentioned
scenario-based representation of the random demand, the chance constraint will be
expressed by its deterministic equivalent. Thus, it requires that the total cost must be
within the limit of the given budget in a pre-specified (high) percentage of the scenar-
ios. The chosen percentage represents the service level. To the best of our knowledge,
a model with chance constraints has not been studied before in the context of shelter
location in disaster logistics.

Multiple organizations across a humanitarian supply chain collaborate with each
other for preparedness and response. According to the United Nations International
Strategy for Disaster Reduction (UN/ISDR), local governments are responsible for de-
signing and maintaining the preparedness plans such as shelter establishment (Guid-
ance note on recovery shelter, 2010) since they have considerable knowledge of the
hazards to which their communities are exposed and the capacity to instruct or en-
gage the local population. Therefore, we assume that the shelter location decision
will be taken solely by the local government instead of national governments, regional
institutions and Non-Governmental Organisations (NGOs).

To solve our problem we use a modified genetic algorithm and compare its perfor-
mance against a stochastic program solved by the Cplex solver. Finally, we solve this
problem on real data of the Kartal district in Istanbul to yield insights for decision

makers.

1.2 Relief item distribution in disaster response

In the aftermath of a disaster, victims need immediate relief supplies such as food,
water, blankets, and medicine. These supplies are often provided in a shelter where
victims gather after the disaster. To avoid supply shortage, agencies preposition
inventory in one or more depots and ship items to shelters after the disaster when
the shelters have been established. In this study, we focus on the distribution of relief

supplies to the shelters as part of humanitarian relief logistics in disaster response.
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To understand the significance of our work, it is beneficial to know how a disaster
response operation works. Immediately after a natural disaster has occurred, aid
agencies, with the collaboration of local agents, will initiate an assessment of the
extent of the disaster. The assessment has to be done continuously in the early stage
of a disaster to provide new or updated information on the needs of affected people and
the state of damaged infrastructure. This information serves as a basis to approximate
the aid items list and their quantities (International Federation of Red Cross and Red
Crescent Societies (IFRC), 2008). Based on the disaster preparedness plan and the
state of the road network and candidate shelter location, a team of experts informs
the local agent where to establish the shelters. Initial relief supply, medical teams,
vehicles, and volunteers are gathered at the depots (e.g. relief aid distribution centers).
The distribution plan and the relief item allocation to the shelters can be determined

after acquiring reliable information on the number of vehicles and volunteers.

The classical Capacitated Vehicle Routing Problem (CVRP) minimizes total trans-
portation costs, however; humanitarian relief organizations are primarily concerned
with timely aid delivery. Therefore, in the relief supply distribution, response time
is one of the main objectives. Most likely, the prepositioned relief supply amount
will not be sufficient enough to meet all the shelters’ demands. The decision makers
should decide about the amount of supply they are going to deliver to each shelter.
Effective relief supply allocation among shelter locations is vital according to the high
risk associated with unsatisfied and/or late-satisfied demand. This makes an efficient
and equitable supply distribution a critical consideration in humanitarian logistics.
We study the problem of distributing the humanitarian aids from a distribution center
to established shelter locations through post-disaster transportation network which

aims at an efficient and fair distribution of relief items to reduce the human suffering.

The problem addresses two objectives: an inequity measure that ensures the fair
distribution of relief supply, an objective that minimizes the total travelling time
of all vehicles which encourages a timely distribution. Our problem is concerned

with a single item distribution planning since it is common in disaster aid operations
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that supplies are distributed in the form of standard packages/pallets. Due to the
chaotic environment and lack of reliable information after a natural disaster, relief
organizations prefer to make daily distribution plans rather than considering multiple
days ahead (Huang et al. 2012). Therefore, we consider a problem where decisions
have to be made only for a single period and to be revised whenever new real-time
information becomes available. To the best of our knowledge, a bi-objective problem
that considers both explicit routing decisions and equity in the humanitarian logistics

context has not been studied before.

Complementary support to shelters should come from all relevant stakeholders
(e.g., local communities, NGOs, international institutions and volunteers). However,
immediately after a major disaster only the local government that is in charge of
prepositioned inventory at its depot will distribute the relief aids. Therefore, our
problem is defined from the viewpoint of such a decision maker. This agency should
gather the required information on post-disaster situations such as the shelter lo-
cations and their demands, road network status and available vehicles. With this

information, the problem presented here will be solved.

Our contributions in this part of the thesis are as follows: We develop two VRP-
based MIP formulations for the problem and adapt the e-constraint approach to deal
with these two objectives. We also propose a set partitioning formulation and solve its
linear relaxation with the column generation approach. A novel heuristic algorithm is
proposed to find an initial set of columns that ensure a feasible solution in a reasonable
time. We devise a branch-and-price algorithm to solve the problem efficiently. It is
not a standard application of the method, since we introduce a novel acceleration
method to find feasible solutions more often. We also adapt and execute the initiation
heuristic in every node of the B&P tree to find good feasible solutions. Finally, we test
our approach on two real data sets from Istanbul’s Kartal district and Van province

earthquake case study from the literature.

In Chapter 2, we explore the related literature on the equity in disaster prepared-

ness and disaster response. Chapter 3 describes the data sets we adopt from different
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sources and adapt to our problem. It explains the instance generation procedures for
our computational tests. In Chapter 4 we study shelter location and demand allo-
cation problem under uncertainty in the disaster preparedness phase. We provide a
stochastic mixed integer programming model for the problem and introduce a meta-
heuristic approach to solve it efficiently. Chapter 5 investigates relief item routing in
the post-disaster environment, where the amount of supply is insufficient and equity
over unsatisfied demand rate is explicitly considered as a objective function. Finally

Chapter 5.4 concludes the thesis by reviewing contributions, findings and future work.



Chapter 2

LITERATURE REVIEW

At first, we briefly explore the literature of the inequality measures, especially
under uncertainty. We divide our literature review into two sections, one on shelter
location problems in disaster preparedness and the other one for routing in human-
itarian operation which is mostly focused on disaster response. A general survey
on inequity-averse optimization has recently been presented by Karsu and Morton
(2015). Therein, also some papers with focus on humanitarian logistics applications
are reviewed. Nevertheless, these approaches are restricted to a deterministic frame-
work. In a study by Gutjahr and Nolz (2016), several types of objective functions
for optimization approaches to humanitarian logistics are discussed, in particular also
equity. In this survey, it is observed that in this area, articles dealing with equity are

rather scarce and focused on the deterministic case.

In the literature on decision theory, on the other hand, the issue of inequity mea-
surement under uncertainty has found an explicit consideration. For the purpose of
our current investigation, four articles are of utmost importance. Ben-Porath et al.
(1997) discuss the conceptual difficulty of equity quantification in a context of uncer-
tainty, a difficulty which is mainly caused by the contrast between ex ante inequity
and ex post inequity. In the case of uncertainty, it is not clear whether one should
strive for equity from the perspective before a random or uncertain event has hap-
pened, or from the perspective after uncertainty has been resolved. As a solution
concept, the authors propose the so-called min-of-means functionals and study their
properties from an axiomatic point of view. Gajdos and Maurin (2004) show that
already a very restricted set of reasonable axioms rules out both pure ex ante inequity

measures and pure ex post inequity measures as meaningful quantifications of inequity
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under uncertainty. Chew and Sagi (2012) propose a one-parameter extension of the
Generalized Gini Mean as an inequity measure under uncertainty and investigate it
in an axiomatic framework. New theoretical findings are provided in a study by
Fleurbaey et al. (2015). All these works, however, aim at economic theory, not opti-
mization. To the best of our knowledge, the current thesis is the first study that uses
a decision-theoretic measure for inequity under uncertainty as an objective function
of an applied optimization problem and shows how the resulting optimization model

can be solved computationally.

In this thesis, humanitarian logistics facility location optimization models and hu-
manitarian relief aid distribution studies are examined in two separate sections. To
develop the literature database, first, studies on facility location problems in human-
itarian logistics were searched for in journals, books, and conference proceedings and
then classified according to their approach towards uncertainty: deterministic and
stochastic. As this thesis focuses on a shelter location problem considering the un-
certainty in input parameters and the equity, only those papers are included which
addresses a shelter location problem or uncertainty in facility location problems or
equity. Google Scholar academic search engine was querried using “disaster prepared-
ness”, shelter location, equity in humanitarian operations, and fairness in humanitar-
ian logistics as the key search strings. Further, the references in each paper, including
books and conference proceedings, were scrutinized to reveal any additional relevant

papers.

In the second section of the literature review, the same procedure is implemented
to find the relevant studies to relief item distribution in disaster response. Particu-
larly, we selected the papers that address at least one of the following issues: relief
item distribution planning, vehicle routing application in humanitarian logistics, and
fairness in humanitarian logistics. We found these papers by using humanitarian relief
distribution, disaster relief logistics, disaster relief routing and relief routing equity as

the search keywords in the Google Scholar search engine.

Most articles identified in the literature search came from a range of journals: Eu-
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ropean Journal of Operations Research, Operation Research, Socio-Economic Plan-
ning Sciences, Computers & Industrial Engineering, Transportation Science, Trans-
portation Research Part B and Part E, OR Spectrum, IISE Transactions, Computer &
Operation Research, Expert System with Applications, Int. J. Production Economics,

Annals of Operation Research and Applied Mathematical Models among others.

2.1  Facility location problems in humanitarian operations

As defined by the International Federation of Red Cross (IFRC), shelters are safe
areas that provide accommodation, climate protection, food and medical care for
victims of a disaster. Moreover, they protect the population from possible threats
that might arise later on. Selection of suitable sites for the shelters is of critical
importance as it affects the performance of an evacuation plan (Kongsomsaksakul
et al. (2005)). Determining shelter locations considering evacuees’ allocation is now
being recognised as a critical decision to successful disaster management and has
gained significant attention among researchers in recent years. A notable number of
studies have been proposed for shelter and evacuation planning and are discussed in
Bayram (2016).

Uster and Dalal (2017) introduced an integrated emergency network design prob-
lem in which three levels exist. They decided on the locations of supply facilities,
distribution centers and shelters, and allocation of demands and disaster relief goods
to those shelters. They adopted two objective functions, one minimizing total cost
and the other one minimizing the maximum distance that a disaster victim should
travel to reach the assigned shelter. They solve this deterministic multi-objective
optimization problem by the e-constraint method and Benders decomposition.

Some researchers took advantage of fuzzy set theory to deal with uncertainty in
shelter location problems. Trivedi and Singh (2017) consider multi-objective capaci-
tated shelter location and demand assignment. They represent uncertainty with fuzzy
sets. As objective functions, their model minimizes total distance, risk associated with

locations, number of sites and uncovered demand, and simultaneously maximizes site
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suitability score and its degree of public ownership. Another study that adopts multi-
objective modeling for evacuation planing is Coutinho-Rodrigues et al. (2012). They
consider six objective functions including minimizing total traveled distance, risks
related to paths and shelters, number of shelters and total distance to the nearest
medical care center. They also define backup paths for demand to shelter allocation
in case the main paths fail after the disaster. They test the proposed model at the cen-
tral area of Coimbra, Portugal. Wang et al. (2016) introduced a bi-objective model
that maximizes both road and shelter reliability claiming these two objectives are
conflicting. They solve their deterministic model by non-dominating sorting genetic
algorithm (NSGA-II). As a case study they applied their model on Wenzhou City in

Zhejiang Province, China.

Although the vast majority of the existing evacuation planning models assumes
system-optimal (cooperative) behavior, a few researchers focus on selfish (noncoop-
erative) behavior which is more probable during a large evacuation. Ng et al. (2010)
introduced a hybrid bilevel model that aims to capture a more realistic victim behav-
ior during the disaster. In designing an evacuation plan, there is a tradeoff between
assigning evacuees to the nearest open shelter or using an optimal strategy for the
assignments. To address this tradeoff, Bayram et al. (2015) consider that evacuees
can only be assigned to an open shelter within a range specified by a tolerance from
the distance to the closest shelter. Kile1 et al. (2015) study shelter location consid-
ering also equity aspects in their model. Based on Turkish Red Crescent guidelines,
they assign priority weights to potential sites and maximize the minimum weight of
open shelter areas among selected sites. They include constraints to limit maximum
distances, minimum utilization of individual shelter sites and utilization differences

between selected sites.

Li et al. (2011) consider two types of shelters, permanent and temporary shelters,
and apply two-stage stochastic programming for capturing uncertainty. Permanent
shelters’ locations and their capacities are treated as first stage decisions, resource al-

location and temporary shelter locations are considered as the second stage decisions.
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Stochastic Facility Location Problems in Humanitarian Operations

The facility location problem for disaster preparedness has been modeled by stochastic
programs, especially by two-stage stochastic programming, in many studies within the
past decade. Grass and Fischer (2016) present a comprehensive review on two-stage
stochastic programming in disaster management. A recent survey on facility location
problems that are related to humanitarian logistics, covering also stochastic models,
is provided by Boonmee et al. (2017). Hoyos et al. (2015a) provide a literature review
on studies in disaster management that apply Operations Research models with a

stochastic component, including those related to facility location.

Rawls and Turnquist (2010) introduce a two-stage stochastic program where the
first stage decisions are on opening warehouses and amount of items to be pre-
positioned. Uncertainty in demand amounts, arc capacities and survival probabilities
of the pre-positioned items are represented by a set of discrete scenarios. Verma and
Gaukler (2015) provide a two-stage stochastic programming model of pre-disaster fa-
cility location that considers the damage intensity as a random variable. Doyen et al.
(2012) propose a two-echelon facility location model where uncertain transportation
time and demand values are represented by discrete scenarios. Galindo and Batta
(2013a) model the possible destruction of supply points during the disaster event and
Paul and MacDonald (2016) model uncertainties such as facility damage and casualty
losses as a function of the magnitude of an earthquake while deciding on the location
and capacities of distribution centers. Noyan (2012) utilizes Conditional Value-at-
Risk (CVaR) as a risk measure in a stochastic model of facility location and material
flow. Tricoire et al. (2012) and Rath et al. (2015) propose two-stage programming
models for humanitarian location/routing problems under multiple objectives. Song
et al. (2019) investigate the shelter location problem considering uncertainty by a
qualitative approach. They also try to capture the social and environmental aspect
of the problem in the decision making process. They develop a Qualitative Flexible
Multiple Criteria method to find the best shelter location as disaster preparedness.

They tested their approach on the case of Wenchuan Earthquake in 2008. One of
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the most destructive earthquakes happened since 1950 in China. They interviewed 4
highly experienced experts to obtain the evaluation criteria, their priority and other

necessary information for their approach.

Hu et al. (2016) decide on both reinforcement of road networks and buildings, and
facility location with the objectives of minimizing the budget and the risk-induced
penalties. Bayram and Yaman (2017) consider the uncertainty in road network, evac-
uation demand and disruption in shelters by a set of discrete scenarios. They devise a
Benders decomposition approach to solve the stochastic shelter location and evacuee
allocation problem, with minimizing expected total evacuation time as their objective.
In a very recent study, El¢i and Noyan (2018) consider a location-allocation problem
for disaster preparedness under demand and network uncertainty. They propose a
two-stage stochastic programming model with a chance constraint, which in the first
stage decides on the relief facilities’ locations and their inventory levels. In the second
stage, the allocation of relief supplies are made for each scenario. They also define
two types of second stage problems; one problem allows supply shortage and the
other one enforces satisfaction of all the demands. To model the decision maker’s risk
preferences on total random cost, they use conditional value at risk (CVaR) as a risk
measure in the objective function. A Benders decomposition based branch and cut

algorithm is devised to solve the problem efficiently.

In Renkli and Duran (2015) and Ukkusuri and Yushimito (2008), locations for
prepositioning inventory are selected by a path-reliability approach. Ukkusuri and
Yushimito (2008) aim at maximizing the probability of sending materials to demand
points, while Renkli and Duran (2015) constrain the probability of meeting the de-
mand of an item to be at least a specified amount. Kulshrestha et al. (2011) develop a
bilevel model under demand uncertainty and solve it by robust optimization. At the
upper level, authorities decide about the number, capacity and locations of shelters

and at the lower level, the evacuees choose which shelter to go to.

In most of these studies discussed above, the generation of the scenarios has not

been addressed explicitly and the statistical dependency between the scenarios has
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also not been an explicit topic. Salman and Yticel (2015) suggest a systematic method
to generate correlated road network scenarios according to the vulnerability level
of the network edges and their spatial closeness while locating emergency response
centers. In this work, we generate a sample of scenarios with uncertain demand and
travel times resulting from correlated probabilistic failures of road links according
to the link failure dependency model in Yiicel et al. (2018a), which is explained in
Section 3.1.

Very few articles on stochastic facility location for humanitarian purposes ad-
dress the equity issue. Rezaei-Malek and Tavakkoli-Moghaddam (2014) propose a
two-stage stochastic programming model for pre-positioning of relief goods, taking
account of equity by means of a fairness level constraint. Noyan et al. (2015) deter-
mine locations and capacities of relief distribution points by a two-stage stochastic
programming model optimizing the expected total accessibility with a penalty for
inequitable solutions. The maximum proportion of unsatisfied demand is used as an
equity measure. As far as we know, the combination of a stochastic programming
model with the Gini inequity measure, as suggested in the present thesis, is not only
new in the humanitarian logistics literature in particular, but in the optimization

literature in general.

2.2 Humanitarian relief aid distribution in disaster response

Humanitarian logistics are mostly concerned with distribution relief supplies and
transportation of disaster victims from affected areas to medical centers. These oper-
ation always involve deciding on the exact vehicle routes. One of the earliest studies
on vehicle routing in humanitarian operations addresses the problem of allocating the
relief supplies among the demand locations and simultaneously planning the deliv-
ery routes within a planning period (Balcik et al. 2008). They propose a two-phase
modelling approach which at the first phase determines a delivery schedule for each
vehicle and decides on inventory allocation decisions in the second phase. The objec-

tive is to minimize the cost of logistics operations plus penalty costs for unsatisfied
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and late-satisfied demand. They introduce a MIP model to solve this problem and

drive some sensitivity analysis on the parameters.

Berkoune et al. (2012) focused on the allocation of relief items to (e.g., water,
food, medical goods and survival equipment) to demand nodes with a heterogeneous
fleet of vehicles. They introduced a mathematical model that minimizes the total
duration of all vehicles trips. The proposed model does not reflect the vehicle routing
aspect of the problem, instead it only focuses on supply allocation. They proposed a
construction heuristic to generate a set of feasible solutions and a genetic algorithm
to improve the quality of these solutions. Nolz et al. (2011) studied the problem of
drinking water distribution into a subgroup of population nodes in disaster response.
Each vehicle tour visits a subset of all population nodes and install a water tank in
the visited nodes. The nearby nodes can be served by the ones with installed water
tank. They considered three objectives; minimization of various risks associated with
relief supplies, minimization of a measure based on the inhabitants travel times, and
minimization of vehicle tour length. They developed a Memetic Algorithm to find

Pareto-optimal solutions for the problem.

Najafi et al. (2013) investigated the distribution of relief commodities and injured
people in the earthquake response. They proposed a multi-objective, multi-item, and
multi-period stochastic model to this end. To handle the uncertainty in the model,
they used a robust optimization approach. Three minimization objectives of the
model are; total waiting time of unserved victims, total commodity distribution time,
and total number of vehicles. To solve the deterministic robust counterpart of the
model they arranged the objective functions hierarchically and solve each phase by
CPLEX 12.1. Abounacer et al. (2014) developed a model that decides on the number
and location of humanitarian aid distribution centers as well as distribution of human-
itarian aid from these centers to demand points. Three minimization objectives are
considered; the total transportation time, the number of persons needed to open and
operate the all distribution centers and the total unsatisfied demand. They utilized

an epsilon-constraint method combined with an approximate method to generate a
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good approximation of the Pareto front of the model. Their problem did not include

the routing decisions for each vehicle.

Chang et al. (2014) studied a vehicle routing-scheduling problem that distributes
relief items from several supply points to demand points in a fair and efficient manner
with a fixed number of vehicles. The objectives were to minimize unsatisfied demand,
total distribution time and total transportation cost. Multiple depots were taken into
account and each demand point has its own deterministic arrival time window and
demand. They developed a greedy-search-based multi-objective genetic algorithm to
approximate the Pareto front curve efficiently. The algorithm efficacy was verified by
a simulation model based on the ChiChi earthquake in Taiwan. Huang et al. (2015)
determined the relief item distribution planning and allocation simultaneously. A
multi-objective model is developed to formulate the problem with three objectives
related to lifesaving utility, delay cost, and fairness. The proposed model is a multi-
period multi-depot model that allows arrivals of supplies and demands at different
times. They transformed the multi-objective model to a single objective model by
weighted sum approach and changed the weights to approximate the Pareto curve.
They design a Variational Inequality algorithm to solve the problem. Ahmadi et al.
(2015) determined the location of distribution centers and vehicle routes by develop-
ing a multi-objective multi-depot location-routing model which minimizes the total
distribution time, penalty cost of unsatisfied demand and fixed costs of opening dis-
tribution centers. They considered a partial road network failure in the aftermath of
an earthquake and the cost of unsatisfied demand. They also extended this model
to a two-stage stochastic program to accommodate possible earthquake scenarios in
the preparation phase. To solve the large instances for the deterministic model they
devised a Variable Neighborhood Search (VNS) algorithm. They tested the proposed

VNS on real-world instances from the San Francisco district.

Moreno et al. (2018) optimized location, transportation, and fleet sizing deci-
sions. They allow multiple trips for each vehicle. Considering uncertainty regarding

demand, supply and route availability, they developed a two-stage stochastic pro-
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gramming model. They mainly focused on application of the model in recurrent
weather-related disasters such as floods and landslides. In the first stage which corre-
spond to pre-disaster phase, the problem decided on location of distribution centers
and vehicle fleet size and type. After the disaster strikes, in the second stage, they
decided on commodities flow and vehicles types to carry these flows. However, they
assumed that each vehicle only visits one distribution center in its route, the sim-
plified assumption that have been used in many relief distribution problems. The
model minimizes both expected logistic cost and human suffering (monetary cost of
depriving victims of emergency commodities over time). This multi-objective model
solved by bi-level hierarchical optimization and two heuristic approaches. Liu et al.
(2018) investigated the problem of post-disaster relief goods distribution and injured
people transportation. They proposed a multi-commodity multi-period mathematical
model that accounts for supply and demand uncertainty with objective of minimiza-
tion of the unsatisfied demand. However, their proposed model does not decide on
exact vehicle routes. A robust optimization approach is adopted to cope with these
uncertainties. This model is tested on samples based on an earthquake occurred in
Sichuan Province, China in 2008. Penna et al. (2018) investigated a last mile delivery
problem which is a VRP with multiple depots, multi-trips, heterogeneous fleet, and
site-dependent constraints. Although they emphasize on the problem application in
humanitarian logistics, the objective of the problem is to satisfy all demands, while
minimizing travel costs and fixed costs. To solve the model efficiently, they pro-
posed a hybrid meta-heuristic that utilizes both a set partitioning formulation and a
multi-start local search. In this research project, they closely collaborated with crisis

management organisations.

An interesting vehicle routing application in disaster response operations was in-
vestigated by Duque et al. (2016). They considered the problem of scheduling and
routing the emergency repair crew to visit the damaged facilities. According to their
definition, a node is considered accessible if there is a path from the depot to that

node which contains only undamaged nodes. The aim of the problem is to minimize
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the weighed sum of all accessibility times. They developed a dynamic programming
model to formulate the problem. They also proposed a greedy-randomized construc-
tive approach to find near optimal solutions and compared its performance with dy-
namic programming approach. Pérez-Rodriguez and Holguin-Veras (2015) integrated
relief supply distribution, vehicle fleet sizing and inventory allocation decisions. They
defined social costs as a sum of logistics and deprivation costs and developed a mixed-
integer non-linear programming models based on their previous work(Holguin-Veras
et al. 2013). Their model explicitly considers routing decisions into account. How-
ever, the proposed model became complex to solve. They decomposed the problem
into an inventory allocation and a routing problem and finally resorted to a point-to-
point delivery instead of the routing problem. Heuristics are devised to solve real size
instances.

Holguin-Veras et al. (2012) first discussed the difference between commercial and
humanitarian logistic. Then they identified seven key elements of humanitarian lo-
gistics models. They emphasize on the difference between problems which address
the disaster response in long term and immediate disaster response phase. Finally
the article identified the existing gaps in the literature. Anaya-Arenas et al. (2014)
presented a general review over Relief distribution network literature. The readers
are encouraged to refer to (Habib et al. 2016) and (Ozdamar and Ertem 2015) for a
review on mathematical models in humanitarian supply chain, including the routing
models. Finally, Ertem et al. (2017) explored the studies that address multi-modal
transportation in humanitarian logistics. A list of all humantarian operations man-

agement review papers and their focused area can be found in Kovacs and Moshtari

(2018).

2.2.1 Fairness in humanitarian logistics

A growing body of humanitarian logistics literature addresses fairness in aspect of
humanitarian relief aid operations. The common fairness attributes among these

studies are demand satisfaction, emergency response time, and deprivation time. In
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this section, we provide a literature review on the studies that use optimization mod-
els to determine fair resource allocation in humanitarian logistics. Campbell et al.
(2008) was among the first studies that incorporated inequity concept to the disaster
relief supply distribution. They introduced two inequity objectives; minimization of
maximum arrival time to demand points and minimization of average arrival time
to Travelling Salesman Problem (TSP) and Vehicle Routing Problem (VRP) in the
disaster response context. To solve these models, they present local search heuristics
which could prove the significant changes in optimal solution comparing to conven-
tional objectives for VRP and TSP. An interesting application of humanitarian logistic
combined with inequity is introduced in the study by Cao et al. (2016). They investi-
gated the breast-milk distribution and network expansion problem under supply and
demand uncertainty which decides on new distribution enters a location, routing and
deliverers amount. To adopt equity to the model, they use a maximin approach on
the percentage of uncovered demand in each region. They solved the problem with an
integer rounding-based heuristic. They tested this heuristic on data from the national

breast-milk supply chain in South Africa.

Lin et al. (2011) investigated the problem of delivering prioritized items to demand
nodes via the transportation network over a planning horizon. The study assumed
supplies are unlimited and the demand is deterministic. They introduced a tour-based
model that has three minimization objectives; unsatisfied demand and late demand
cost, total traveling cost and the maximum difference of satisfaction between two
demand points. They devise a GA-based heuristic and a decomposition assignment
heuristic approach to solve the problem. Finally, they compared the performance
of these two approaches. Vitoriano et al. (2011) proposed two network flow model
to capture the material and patient logistics in disaster response. They introduced
several measures as objectives of these models; namely, total cost, distribution time,
equity of the delivery amounts, demand node priority, reliability of network edges,
and security of designated routes. They adopt a goal programming approach to

handle these multi-objective models. Finally, they applied their model to the Haiti
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earthquake case.

Equitable aid distribution among disaster victims where equity is defined in term
of differences between individual service-level is studied by Huang et al. (2012). They
defined the service-level for each aid recipient by delivery speed and amount. A set
partitioning approach is introduced to formulate the problem. Three objectives are
introduced which measure the followings; transportation costs, quick response, and
fairness of service-level. They drive some observations about the impact of these ob-
jectives separately on the solution structure. Furthermore, a greedy random adaptive
search procedure (GRASP) is introduced to solve the problem for large instances.
Finally, they concluded that multiple deliveries to demand nodes with small vehicles
leads to a more equitable solution. However, this will add to the difficulty of logistics

planning in reality.

An integrated supply chain operation in disaster response is studied by Afshar
and Haghani (2012). They proposed a model that decides on vehicle routing, pick
up or delivery, optimal locations for temporary facilities. Equity among aid recipient
ensured by enforcing a constraint on the minimum service level to each victim. The
proposed formulation is evaluated by some instances to determine the properties of
the optimization problem. However, the model’s size increases rapidly when the
extension of the operations increases and could not be solved by commercial solvers

in a reasonable time.

Gralla et al. (2014) suggested that prioritization of commodities and delivery loca-
tions can serve as a mean to promote equity, and evaluated this objective in relation
to other measures by interviewing field experts in humanitarian logistics. Noyan et al.
(2015) developed two-stage stochastic programming for last mile relief network design
problem, which determines the locations and capacities of relief aid distribution points
(PODs) in the first stage. In the second stage, the model decides on the allocation of
demand locations to the PODs and distributing available supplies among the PODs.
They considered the uncertainty as a set of possible scenarios for post-disaster relief

demand and transportation network conditions. They characterize equity into two
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ways; equitable accessibility to PODs from demand points and equitable supply allo-
cation to PODs. Their objective function maximizes the expected total accessibility
of PODs/relief supplies by individuals in demand points. They developed a Benders
decomposition-based branch-and-cut algorithm to solve the model. Their proposed

approach was tested on real-world data from the 2011 Van earthquake.

Ransikarbum and Mason (2016) presented a multi-objective optimization model
which decides on the supply distribution and network restoration during post-disaster
operations. The equity objective function maximizes the minimum percentage of
satisfied demand. Two other objectives are the minimization of unsatisfied demand
and total network cost. They applied the model to a regional case study from Hazus
earthquake and provided decision-makers with equitable restoration and distribution
plans. They did not provide any solution method to solve a model for large instances in
a reasonable time. Ferrer et al. (2016) developed a last-mile aid distribution planning
problem which decides on each vehicle route and amount of delivery to each demand
node. They considered road reliability and security issues when planning a shipment.
To evaluate the feasible solutions, they defined six measures; namely, operation cost,
operation time, equity according to unsatisfied demand, service priority, reliability and
security of the distribution plan. The objective function is defined as a weighted sum
over all these measures. They introduced a GRASP heuristic to find good solutions

in a reasonable time for the problem.

Holguin-Veras et al. (2013) investigated the use of social costs objectives into
humanitarian logistics problems. They argue that the best way to capture a relief
aid distribution impacts on the disaster victims is through using a deprivation cost
function. Deprivation cost is defined as the monetary cost of human suffering which
depends on the amount of time that an individual is without service. They introduced
a nonlinear function to calculate the deprivation cost. However, they did not specify
how the function parameters estimation can be done. Following this study, some
researchers utilized derivation cost or its linear approximation as the equity measure

in humanitarian logistics problems such as Loree and Aros-Vera (2018), Ni et al.
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(2018).

Noyan and Kahvecioglu (2018) studied the last mile relief network design prob-
lem with resource reallocation between local distribution centers (LCD). To address
accessibility and equity, they developed the concept of coverage sets which uses the
accessibility scores and enforce a supply allocation policy. They proposed a two-stage
stochastic programming model which decides on the location of LDCs and distribution
points in the first stage and on reallocation amounts on the second stage. They did
not consider details regarding the delivery to demand points and assumed that the in-
dividuals come to the closest distribution point to collect relief aids. They developed
an exact delayed cut generation-based solution algorithm to solve the model effec-
tively. Gutjahr and Fischer (2018) showed that the selection of the inequity measure
have a great impact on the equity in the final solution and sometimes minimization of
deprivation cost can lead to a very high degree of inequity. Instead, they suggested to
minimize a measure proportional to Ginis means absolute difference of the undesirable
attribute. Huang and Rafiei (2019) introduced a vehicle routing based multi-period
relief distribution problem with a time window and split delivery. They compared eq-
uity measures regarding delivery quantities, arrival times and deprivation times under
different situations such as ample and insufficient supply and ample and insufficient
vehicle capacity. They solved their model for small instances and claim that equity
measures show different behaviors depending on the ratios of supply, vehicle capacity,

and demand.

Yu et al. (2018) approached the multi-period resource allocation problem in the
disaster response phase with a dynamic programming method. They considered three
optimization measures simultaneously; namely, accessibility cost, deprivation cost,
and end of period penalty cost. Their proposed model was a non-linear mixed integer
programming model that can be solved for small instances with dynamic program-
ming. However, to solve it for large-size instances, they used the piecewise linear
method to linearise the non-linear terms. This study did not consider the vehicle

routing decision and focused on timely resource allocation to demand points.



22 Chapter 2: Literature review

Sabouhi et al. (2018) introduced an integrated model that addresses transfer-
ring injured people from affected areas to hospitals, transportation of evacuees from
affected areas to shelters as well as the distribution of relief items shelters. They
addressed the demand uncertainty by a robust optimization approach. They adopted
a minimax approach towards equity of transportation times. The proposed multi-
objective model is a location-allocation model with a weighted sum of all objectives.

They interpreted the results yielded by the model in a real case study.

Fianu and Davis (2018) investigated the allocation of donated supplies to food
banks under supply uncertainty in an equitable manner. They used a discrete-time,
discrete state Markov decision process to model the problem. The equity is defined
by the amount of delivery to each individual. Their computational results on a real
case study showed that maximum equity attains by allocating supply to each demand
point in proportion to its population. Vahdani et al. (2018) studied a relief distribution
network design considering the short-term repair of infrastructures. They introduced
a location-routing model that decides on the location of distribution centers, exact
vehicle routes and delivery amounts from a depot to the opened centers. The first
and the second objectives minimize the maximum vehicle route traveling time and
the total cost, respectively. The third objective maximizes the minimum reliability
of routes. To solve this multi-objective model, they developed two metaheuristic
algorithms; a non-dominated sorting genetic algorithm and a multi-objective particle
swarm optimization. Finally, they presented a comparison between these two methods

and a sensitivity analysis on the model parameters.

Eisenhandler and Tzur (2018) introduced humanitarian pickup and distribution
problem which arises in donated food distribution. The problem decides on which
supplier sites and demand points should be visited as well as the amount of food
should be picked up and delivered to them using a single vehicle. The problem si-
multaneously incorporates vehicle routing decisions. The problem seeks an allocation
strategy combined with routing decisions under vehicle capacity and driver’s working

hour limitations which respects the equity among the population. The objective func-
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tion of the model is the combination of the total number of delivered units and the
Gini coefficient of the deliverers. To solve the problem for realistic-size instances, they
provided a heuristic solution method and tested its performance on two real datasets;
an Israeli food bank and Houston food bank. Following this study, Eisenhandler and
Tzur (2019) presented a new mathematical formulation for the same problem based
on a segment-based approach. They introduced a new heuristic algorithm to solve
this model effectively and extended the solution approach to solve problems with a
more complex structure(e.g. multi-vehicle, time window). Their computational re-
sults showed the superiority of this new heuristic approach over the one presented in
Eisenhandler and Tzur (2018).

Our relief item distribution problem can be considered as a variation of the problem
proposed by Eisenhandler and Tzur (2018) and Eisenhandler and Tzur (2019) but
with different applications and considerations. We aim at the relief item distribution
as an immediate response to a natural disaster where the supply is pre-allocated in
the depot prior to the disaster. In contrast to their model, our model formulates a
multi-vehicle problem with a fixed number of vehicles. We have to visit all demand
points/shelters to deliver relief aids. Furthermore, our problem is unique since it
incorporates equity measure related to delivery amounts and total traveling time as
its two objectives.

Interested readers can refer to Matl et al. (2017) for a comprehensive review on
equity in vehicle routing problem in general context. Table (2.1) summarizes the
characteristics of related studies in equitable relief aid distribution in comparison
with the model proposed in this study. We only explored the studies that explicitly

considered equity in a mathematical model.
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From the literature review we can see that there are two primary approaches
applied toward relief aid distribution planning problem. Most studies investigate
this problem on macro-scale which means they decide on allocation of the supply
to demand nodes. Generally this type of study combines distribution decisions with
other decision such as locating the distribution centers and deciding on inventory
levels. On the other hand, a number of studies look at the problem from a micro-
scale. They are mostly concerned with vehicle routing problem that considers vehicles
number, type and capacity. We identify our problem as this type.

In summary, the literature on relief aid distribution that incorporates explicit vehi-
cle routing decisions with an adequate equity measure is still quite limited. Therefore
in Chapter 5, a distribution plan that is deciding on the vehicle routes and delivery
amount to shelter locations to minimize two objectives; inequity regarding the relief
supply distribution and the total traveling time, is presented for the first time. None
of the previously mentioned studies introduced an exact solution method that pro-
vides a solution for problem sizes arise in real situation in short period of time on the
problems similar to ours. In disaster response problems, applying the optimal solution
as soon as possible is essential. Therefore, a branch-and-price method for equitable

relief item routing is developed to achieve this goal which is our unique contribution.



Chapter 3

DATA GENERATION AND CASE STUDIES

This section will describe how data generated to be used for computational tests.
We used three data sets. The first one is adopted from OR-library benchmark data
for capacitated warehouse location problem. The second one is based on the Kartal
district in Istanbul and the third one is based on a Van province in Turkey 2011

earthquake real data.

3.1 Benchmark data from OR-library

The propose of generating these benchmark data is mainly to test the performance
of the GA that devised for our stochastic shelter location problem. These instances
are obtained from the OR-library and are originally suggested for the capacitated
warehouse location problem by Beasley (1988). We need to generate some parameter
values in order to adapt the mentioned benchmark data set to our shelter location
problem. These parameters are budget, expansion costs, service level, scenario de-
pendent demands and distances. In this section we explain how we generate these
parameters in detail. The expansion cost of CL j (n;) is generated by selecting a
random value between 0.5 - f—j and 2 - i—j, where ¢; is the pre-defined capacity and f;
is the cost of shelter j establishment. The mean budget, when we need to open all
facilities at candidate sites is estimated by the formula,

D scs 2kek Uk dies i
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In real world situations we would not have the budget to open all the facilities and/or
to pay all the associated expansion costs. Hence, we set the budget as a proportion

of the above approximation by multiplying it with multiplier £&. The selected value
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for £ in all instances is 0.7. We set the service level parameter o equal to 0.95 for all

mstances.

Scenarios are generated to represent the uncertainty as close as to real world sit-
uations as possible. Scenarios consist of demands and distances between each pair of
PNs and CLs. Demands are proportional to the population size and are mainly influ-
enced by two factors, distance from the epicenter and the severity of the earthquake.
We consider three possible cases for the disaster severity. It can have low, moderate
or high impact on the population, with equal probabilities. The severity coefficient
is B! which is equal to 0.2, 0.5 and 0.8 for low, moderate and high disaster severity,
respectively. In order to see the affect of these parameter on the problem we generate
demand with three other set of values for 5' in section 4.3.4. Similarly, we define
a coefficient to indicate how distance from the epicenter affects demand. Here, with
d.r. denoting the Euclidean distance between PN k and the epicenter e, the distance
coefficient is defined as % = 1 —det/dpmaz, Where dyap = Il?e%( d.r, so that the demand

decreases with increasing distance. Finally we select a random value between 0 and

23132 - wy, as the demand of PN k.

The road network is represented by G = (V, E), an undirected connected graph
where V is the set of nodes (consisting of candidate facility locations, population
nodes, road junction points) and E is the set of edges. To generate distances in
scenarios, we consider the network after the disaster, which may have some roads
blocked by debris or impassable for other reasons. We denote this (possibly partially
damaged) post-disaster road network in scenario s by G°. In a realistic approach,
how the disaster affects a certain edge should not be independent from other edges;
naturally, edges with a small distance to each other have a high probability of being
jointly affected. In order to address this important issue, we use the link failure
dependency model presented in Yiicel et al. (2018a) to generate G* as follows. Each
edge e € E in the network has a survival probability p.. The edges are divided into
mutually exclusive sets according to Euclidean distances of their endpoints from the

epicenter. We divide E into three subsets, E,, as the set of nodes that are near to the
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epicenter, E,, as the set of nodes moderately close to the epicenter and £ as the set of
farthest nodes. The F,, members have the lowest survival probabilities and E; edges
have higher survival probabilities. Within these sets, the survival probability of the
edges are dependent on each other. Between different sets, edge failures are assumed
as independent. We generate the initial p. for edges in F,,, E,, and F; by randomly
selecting a value within [0.7,0.8], [0.8,0.9] and [0.9,1] intervals, respectively.These
intervals are selected similar to the ones are calculated in Yiicel et al. (2018b) for
prior link survival probability in Istanbul road network. If e! and e? are two edges in
the same dependency set and p.1 > p.2, the failure of the stronger edge (e') would
affect the survival probability of the weaker edge such that, p2 is reduced to (1—v)p,z,
where 0 < v < 1. The pseudocode of the sampling algorithm is given in Algorithm 1.

In this algorithm the parameter v determines the degree of dependency between edges

Algorithm 1 Network Sampling Algorithm
Partition E in three subsets according to distance from epicenter {E,,, Ep,, Ef}

for £ € {E,,En, Ef} do
E' + FE
while £’ # () do

Find the edge with maximum p. in E’, denote it by é
Generate a random number r between 0 and 1
if r > ps then
Block the edge € in G
Remove é from E’
for e € E' do
pe=(1=v)-pe
end for
end if
end while

end for

in the same dependency set. A high value of v increases the chance of generating a
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Table 3.1: Instance specifications

Instance Benchmark data Instance Benchmark data

# PN # CL # S # PN # CL # S
name name name name
cap61.50 cap61 50 16 50 capl114.50 capll4 50 50 50
cap61.100 cap61 50 16 100 capl114.100 capll4 50 50 100
cap61-200 cap61 50 16 200 capl14_200 capll4 50 50 200
cap61-500 cap61 50 16 500 capl114.500 capll4 50 50 500
cap63-50 cap63 50 16 50 capl123.50 capl23 50 50 50
cap63-100 cap63 50 16 100 capl123.100 capl23 50 50 100
cap63-200 cap63 50 16 200 capl123.200 capl23 50 50 200
cap63-500 cap63 50 16 500 capl23.500 capl23 50 50 500
cap74.50 cap74 50 16 50 capl124.50 capl24 50 50 50
cap74-100 cap74 50 16 100 capl124.100 capl24 50 50 100
cap74-200 cap74 50 16 200 capl24_200 capl24 50 50 200
cap74-500 cap74 50 16 500 capl124.500 capl24 50 50 500
cap83-50 cap83 50 25 50 capl131.50 capl31 50 50 50
cap83-100 cap83 50 25 100 capl31.100 capl31l 50 50 100
cap83-200 cap83 50 25 200 capl31_200 capl3l 50 50 200
cap83_500 cap83 50 25 500 capl31.500 capl3l 50 50 500
cap92.50 cap92 50 25 50 capl132.50 capl32 50 50 50
cap92_100 cap92 50 25 100 capl32_100 capl32 50 50 100
cap92_200 cap92 50 25 200 capl32.200 capl32 50 50 200
cap92.500 cap92 50 25 500 cap132_500 capl32 50 50 500
capl01_50 capl01 50 25 50 capl133.50 capl33 50 50 50
capl01_.100 capl01 50 25 100 capl133.100 capl33 50 50 100
capl101_200 capl01 50 25 200 cap133_205 capl33 50 50 200
capl101.500 capl01 50 25 500 cap133.500 capl33 50 50 500
capl112_.50 capll2 50 50 50 cap134.50 capl34 50 50 50
capl112.100 capll2 50 50 100 capl134.100 capl34 50 50 100
capl112_200 capll2 50 50 200 cap134.-200 capl34 50 50 200
capl112.500 capll2 50 50 500 cap134.500 capl34 50 50 500

disconnected network. In our instances, we set v equal to 0.1, hence maintaining a
reasonable level of dependency.Our experience with bigger values resulted in frequent
disconnected networks. We have to maintain the network connectivity in all scenarios,
therefore if the resulting network is disconnected, we discard it and generate another
network. After obtaining the G°, we calculate the distances dj;; between CLs and

PNs in scenario s € S by applying a shortest path algorithm for each pair.

We select 14 instances from the OR-library benchmark data with different sizes
and structures, and generate 4 different scenario sizes, 50, 100, 200 and 500 for each
of them. Thus, we have 56 benchmark instances in total. Table 3.1 shows all 56 in-
stances’ names and specifications. The first column is the name we assign to each in-
stance. The second column states the related instance from the OR-library. Columns
#PN, #CL and #5 refer to the number of population nodes, number of candidate

locations and number of scenarios, respectively.
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Figure 3.1: Kartal district map and the node locations

3.2 Istanbul-Kartal real data

We adapt the real data of the Kartal district of Istanbul provided by Kilei et al. (2015).
This dataset specifies the candidate shelter locations, their capacities, population
nodes, locations and their number of inhabitants. It contains 20 PNs that represent
20 sub-districts in Kartal, as well as 25 CLs selected according to various criteria.
The PNs are considered as the centers of each sub-district. We illustrate the Kartal
district map, PNs and CLs in Figure 3.1. The population nodes are represented
by red dots and candidate locations are represented by green squares. The black
triangles indicate the junction points that we selected. We were able to generate a

larger number of scenarios (2000), as the GA can handle this problem size.

To make this data set consistent with our stochastic shelter location problem,
we have to generate scenarios as well as a budget, the establishment and expansion
costs, and the service level. We take the service level a equal to 0.95. We consider
the case that all establishment costs are the same and equal to 1000. The budget and

expansion costs are randomly generated by the same procedure that we used for the
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benchmark instances in Section 3.1.

Before generating the scenarios, first we need to build the road network. In order
to do that we identify 23 main road junction points and add them to the node set.
Then we calculate the shortest path between each pair of nodes using ArcGIS Pro
2.0.0 with real road network data. We construct a network with 68 nodes and the
edges between each pair of them considering the shortest path value as the length of
the edge. To have an approximation of the real network, we omit the edges which
have length more than 2 km. As a result, our network has 1206 edges and 68 nodes.
Scenarios are generated in the same way as we generated scenarios for the benchmark
instances using the Network Sampling Algorithm presented in Section 3.1. We test
six different instances with different number of scenarios: 50, 100, 200, 500, 1000
and 2000. In these six instances the scenario sets are generated independently. For
example, the 50 scenarios do not necessarily appear among the 100 scenarios.

We also use the Kartal case study for our second problem where the distribution
of the relief item among established shelter locations is concerned. We adopt the
solution of an instance with 2000 scenarios to find the location of the established
shelter. Twelve location are selected for shelter establishment. The depot location
is selected based on the real location of a relief supply distribution center in the
region. We generate 30 instances with different parameter. For each instance we
randomly select one scenario to determine the post-disaster demands and distances.
We assume that all individuals assigned to a shelter will reside at that shelter after the
disaster. Therefore, shelters’ population are equal to the summation of its assigned
PNs’ demand. Without loss of generality we consider each individual is in need
for one unit of the relief supply which means the shelter demand is equal to the
population who gathered there after the disaster. We suppose that 3 identical vehicles
are available to distribute the relief supply among the shelter locations. The maximum
tour length W is obtained by dividing the number of nodes by m and multiply it to

the average travelling time between two nodes.

g = (! [%1 x (3.1)
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where ¢ = 2”: zn: (t;;)/(n—1)? and ¢' is a coefficient that controls maximum tour
length. For ingarjlzés where we aim at generating an abundant maximum tour length
we fix ¢! = 2 and for instances with tight maximum tour length we set ¢! = 1. We
assume that the total available supply at the depot is equal to (2 = 70% percentage of
the total demand that means C' = ¢*3 ", d;. The capacity of a vehicle is calculated as
Q = (*< where 'zeta® is a control parameter which is between [0.2,1]. For a regular
capacity we select (3 = 0.5 and for a very tight capacity we set (3 = 0.2. The reason

to pick such a tight capacity is to see the performance of the algorithm under extreme

conditions. Finally, the € value is fixed to 0.85m x W.

3.3 Van earthquake case study

Turkey has been subjected to several severe earthquakes during the past decades.
One of those most destructive earthquakes hit eastern Turkey in Van province on
October 23, 2011. The earthquake death toll rised upto 600 people, and 2,500 injured
persons. More than 600,000 people were affected by the 7.2 magnitude earthquake
and its’ after-shocks. As our next case study, we adopt the realistic data from the 2011
Van earthquake. We especially use this data for our second problem, the relief item
distribution problem in disaster response operations. The data has been made made
available to us by Noyan et al. (2015). There are 94 settlements that have been effected
by the earthquake and one local distribution center which had the responsibility to
distribute the relief items immediately after the disaster. Noyan et al. (2015) studied a
problem that decided on locating the relief aid distribution points (PODs) in a limited
number of districts, their capacity, allocating supply to these distribution centers from
the LDC and assignment of demand points to PODs as preparedness for a similar
earthquake. They developed a two-stage stochastic programming model to formulate
the problem. To capture the uncertainty in demand amounts and the road network
damage situation, they construct a set of discrete scenarios. The demand scenarios
for each district were generated according to real-world data including population,

earthquake strength, and distance to the epicenter. Interested readers are referred to



Chapter 8: Data generation and case studies 33

(Noyan et al. 2015) Section 6.1 for a more detailed discussion on how the scenarios are
generated. They estimated a base demand for each of the 94 districts and for a single
scenario a value around these base demand are selected. Especially, they divided all
the districts into three categories; destructive, damaging, and very strong or strong
according to the intensity of the earthquake. To obtain the demand for a scenario,
they multiplied its base value by a deviation factor, where these factors are selected
uniformly from the intervals [0.75,1.30], [0.75,1.20], and [0.75,1.10], depending on

the intensity category of the demand nodes.

In our study, we focus on relief aid distribution in the post-disaster phase where
the demands and the road network damaged state are known. Therefore, instead
of constructing different scenarios, we generate instances with different characteris-
tics and solve our relief routing problem for each instance seperately. To generate
demands, we exactly follow the above described approch, which was used in Noyan
et al. (2015). However, to generate distances, we utilize the network sampling algo-
rithm (Algorithm 1) that was described in Section 3.1. The network has 94 demand
points which also can act as intermediate points and one LDC which is the depot
that stores all the prepositioned supply and the vehicles are positioned at the depot.
To have a better estimation of the road network, we added 14 road junction points
to 94 demand points and build a complete graph G = (V, E), where V is the set of
all nodes (junction, demand points and LDC) and E is the set of edges that connect
nodes. We assume that there is a direct edge between every two nodes that have
a real distance less than 3 kilometres. The travelling time on the graph edges have
been calculated by the ArcGIS Pro 2.3.3 software. Graph G connects all the nodes
together with the real street distances as the weight of an edge between every pair
of nodes. Fig 3.2 presents the Van province map and the location of demand and
junction points, and the depot. The demand nodes are represented by red dots and
the roads junction points are shown by green triangles. The blue star indicates the

depot location where the available supplies are stored.

To consider post disaster road damage when generating distances, we use the link
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Figure 3.2: Van province map and the network node locations

failure dependency model presented in Yiicel et al. (2018b). We divide the edges set in
to three sets; Fy, F,, FEs according to damage intensity category of their endpoints.
The edges that have one or two endpoints with destructive damage intensity are
placed in set E;. From the remaining edges, the ones having one or two endpoints
with damaging intensity are assigned to set E,. Set F contains the edges that do not
belongs to two other sets. Each edge e € E in GG has a survival probability p., which is
the probability that the edges remain intact after the disaster. For each of our sample
instances, we assign the initial p. values to the edges in the sets E,;, E, and FE, by
selecting a value within the [0.7,0.8], [0.8,0.9] and [0.9, 1] intervals, respectively. The
Algorithm 1 determines which edges are going to fail and which will remain functional
in the post-disaster network. We use this information to calculate the shortest path
between the demand nodes themselves and the depot.

In order to reduce the size of the problem, Noyan et al. (2015) clustered the

demand nodes and created new networks with 15, 30, 60 nodes. The demand related
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to each clustered nodes are aggregated and assigned to the cluster centroid, which
represents the cluster. Relief distribution operation in Noyan et al. (2015) was only
considered as distributing the supply from the depot to selected PODs. However,
here we consider the case that we are going to deliver the supply directly from the
depot to the demand points. It is reasonable to only solve the problem on 15, 30
and 60 node-networks, instead of the original 94 node-network since the people can
reach to cluster centroids easily. We set the number of vehicles equal to 3, 5 and
9 for instances with 15, 30 and 60 shelters, respectively. Totally, we generate 45
random instances, 15 for each of the problem sizes. We divide the number of nodes
by the number of vehicles and multiply it by the average travelling time between any
two nodes to obtain the maximum tour length W. We calculate ¥ by an approach
similar to the one in Section 3.2. The total available supply at the depot is equal to
C = (*)°,d;, where (* = 0.7. The vehicle capacity and the e value are calculated
by the same procedure we explained in Section 3.2 for Kartal instances. Finally, the

value for € is fixed to 0.85m x W.



Chapter 4

INEQUITY-AVERSE SHELTER LOCATION FOR
DISASTER PREPAREDNESS

The chapter is organized as follows. The first section describe the problem and
introduce the mixed integer programming (MIP) model for the problem. The genetic
algorithm is explained in Section 4.2. In Section 4.3 we report our experimental
results on OR-lib benchmark instances and the Istanbul data. Finally, we present

concluding remarks in Section 4.4.

4.1 Problem definition

Let J be a set of candidate locations (CLs) for the facilities, which we call “shelters”
although the model admits a more general interpretation, e.g., one where the facilities
are local distribution centers, medical units, etc. Let |J| = m. A set K of population
nodes (PNs) is given, where |K| = n. Population node k& € K has wy inhabitants.
To capture the uncertainty, we define a finite set S of scenarios, where each scenario
s has a certain occurrence probability, p,. Depending on where the disaster strikes
and how severe it is, a demand of b; (0 < b} < wy,) occurs in PN k. Here we consider
demand as a portion of the population. Thus, b can be interpreted as the number of
people from PN k& who have to be transported to a shelter under scenario s, but the
model is general enough also to allow other interpretations. In scenario s, the demand
vector is (b§,...,b%). Furthermore, the distance matrix is D = (dy;s), where dj;s is
the (network) distance between PN k and CL j in scenario s. Note that in view of
possible road failures, the distance between two points depends on the scenario.
Each CL j has a pre-defined capacity c¢;. Since assignments are independent of

scenarios, the pre-decided demand allocations to CL j can exceed the capacity of the
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facility. Whenever this happens, a recourse action takes place where the facility is
expanded at the price of a unit expansion (penalty) cost n;, in order to be able to
accommodate all assigned victims. The decision on expansion differs for each scenario
since demands are dependent on the scenarios. Opening a shelter in CL j incurs an
establishment cost f;, independent from the scenarios. A budget C' limits the total
cost, i.e. the sum of all establishment costs and expansion costs. If the budget is
exceeded, then there must be unassigned individuals. To maintain a certain service

level a, the total cost must not exceed the budget with probability of at least a.

The location decisions are represented by a binary vector x = (z;), where z; =1
if a shelter is opened at CL j and z; = 0 otherwise, for all j € J. The assignment of
the affected individuals in PN k to the open shelter at location j is shown by variable
Yrj, where y;; takes the value 1 if we assign PN £ to the open shelter j, otherwise it

takes the value 0, for all k € K, j € J.

Uncertainty in the input data is one of the main issues when dealing with disaster
preparedness optimization models. In case of large-scale disaster, data may not be
available or easily accessible for everyone. This situation introduces uncertainty into

parameters such as demands, costs, and travel times.

Using stochastic programming with probability distributions is meaningful only
when a certain action can be repeated several times. There is no repetition in the
occurrence of disasters. As such, it is hard or even impossible/meaningless to estimate
probabilistic distributions for uncertain parameters in this context. On the other
hand, robust optimization focuses on the worst case and is better able to control risk
while stochastic programming emphasizes on expected values. However, the stochastic
programming formulation can easily accommodate risk considerations. One way to
do that is through a chance constraint. Moreover, the results of both methods depend
strongly on the model for the uncertain parameters either the uncertainty set or the

probabilistic scenarios employed in the optimization.

The other option that is adopted in this thesis, is to use stochastic programming

with discrete scenarios for the disaster and incorporating a chance constraint to man-
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age risk in the problem. According to Galindo and Batta (2013b) modelling disaster

related uncertainties by use of scenarios might be the best option.

To feel safe after a disaster, a person would want to be with his/her acquaintances.
Being close to acquaintances is very important to maintain the social structure of
society. We assumed that a person has a degree of familiarity with the people that
live in the same district as him/her. Thus, we assumed that all people that live in

the same district are assigned to one single shelter.

Note that we consider the assignment of PNs to CLs as a decision that is made in
a pre-disaster stage, contrary to some other stochastic models for disaster response
which assume that the assignment of individuals to shelters is done only after the
disaster, i.e., after the uncertainty has been resolved and all demands are known. In
many cases, the latter is a reasonable assumption with the potential to increase the
efficiency of the solution by letting the assignment decision depend on the actual ran-
dom scenario. However, there are other situations where a pre-assignment of people to
shelters is advantageous: Knowing the assignments already in the preparedness stage
allows the planner to tell (and even train) the individuals which shelter they should
go to in case of a disaster, and by which evacuation path. This may be especially
important for children and old people. It will facilitate a faster evacuation after the
disaster and avoid chaos. In addition, it is often the case that telecommunication in-
frastructure is disrupted by the disaster, which will delay the disaster relief operations
and may lead to very undesirable consequences if an assignment to shelters depends
on information that is only available after the disaster has stricken. Therefore, we

assume a pre-disaster allocation of people to shelters in the current work.

Generally, the assignment of PNs to CLs can be done by three approaches; user
equilibrium (UE), nearest assignment (NA), and system optimal (SO) assignment.
User equilibrium models could take more involved considerations into account such as
a preference for open shelters which are expected not yet to be congested (cf. Gutjahr
and Dzubur (2016)). However, the UE approach is not realistic for assigning the

people to shelters during a disaster for the following reasons. In the UE model, it is
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assumed that the evacuees have full information on travel times on every possible route
and they can find the optimal routes. Disasters and evacuations are rare events with
unusual traffic demand resulting in different traffic conditions. As a result, victims do
not have the opportunity to learn from past experience which routes minimize their

evacuation time Pel et al. (2012).

Victim choice could be modeled as simple as seeking the nearest opened shelter
(nearest assignment, NA). However, modeling this assumption in realistic settings in
our problem is not straightforward. The nearest shelter can differ from the viewpoint
of the victims in the same district as a result of their limited knowledge of the post-
disaster road network situation. We consider disruptions in the network without the
information being passed onto the victims. It is extremely hard/impossible to model
realistic NA since we have to account for the subjective opinion of the people on the
nearest (easiest to access) shelter. Moreover, this assumption will conflict with two
other assumptions of the problem; single-source assumption, and scenario independent
PNs-CLs assignments. Another downside of the NA approach may be higher costs

for capacity expansion.

For these reasons, we do not consider the NA and UE types of models here and
instead use the system optimal (SO) approach. We argue that this approach gives us
the advantage of informing the people which shelter they should go to in case of a

disaster and by which evacuation path.

In the objective function of the problem, we want to account for both efficiency and
equity. Different quantifications of equity have been proposed in the literature (Karsu
and Morton 2015, Marsh and Schilling 1994). These approaches include, among oth-
ers, the Rawlsian (i.e., minimum or maximum) measure, the lexicographic extension
of the Rawlsian measure, the mean deviation, the variance, the range, the Gini index
(also called Gini coefficient), or Hoover’s concentration index. In the present work,
we have decided to adopt the Gini index for two reasons. First, this index has been
extensively used in economics to represent inequality and will, therefore, be easily

understood by managers with economic education. Secondly, the index has favorable
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theoretical properties, as scale invariance with respect to multiplication by positive
constants, symmetry (switching two individuals will not change the index), and va-
lidity of the Pigou-Dalton Principle of Transfers which basically says that if a small
amount of a good is transferred from an individual owing more to an individual owing
less, then the inequality index will improve or at least not become worse. This is a
crucial property for an efficient inequity measure which has been mostly overlooked
by operations research scholars when addressing equity. According to Gutjahr and
Nolz (2016) the most used approach to address inequity in humanitarian operations
studies is to minimize the worst value of a disutility measure (Rawlsian approach).
However, this approach suffers from lacking the Pigou-Dalton Principle of Transfers
which leads to unfair distribution of the services. In recent years, some researchers
show interest in using the Gini index as an inequity measure in humanitarian operation
studies. Gutjahr and Fischer (2018) discussed using Ginis mean absolute difference
of the deprivation costs is a proper metric for considering inequity in humanitarian
logistics. Eisenhandler and Tzur (2018) and Eisenhandler and Tzur (2019) adopted
a Gini index related measure in relief items delivery and pick up problem.

The Gini index is typically formulated for benefits as wealth or income, we need
it for disadvantages or costs. The Gini index for costs (in our case: distances) d®

(t =1,...,N) of N individuals can be defined analogously as the Gini index for

benefits as
1 BN 0 - a9 "
2N Zfil d@® '

(see Drezner et al. (2009), Yitzhaki and Schechtman (2013)). The minimum value
of G is 0 (perfect equity), the maximum value is 1 (extreme inequity). However, we
do not use the Gini index itself as an objective function since minimization of the
Gini index alone would result in equitable, but very inefficient solutions, as argued
in Drezner et al. (2009). Therefore, what we need as an objective function is an
inequity-averse aggregation function (taking also efficiency into account) rather than
an inequity measure alone. For this reason, we replace the Gini index G for distances

by a linear combination Z = u + AA. Therein, p = % Zfil d is the mean distance,
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and A = 2uG is Gini’s Mean Absolute Difference of the distances.

The choice of a linear combination of the efficiency measure p and the equity
measure A as the objective is intuitively plausible, and the decision to take rather
A = 2uG than G itself as the equity measure is easily explained by the requirement
that both measures have to be expressed in the same units if they are to be com-
bined to a weighted sum. (Note that G is dimensionless.) However, there are deeper
reasons justifying the choice of Z = u + AA, which can be elucidated by the the-
ory of symmetric comonotonically linear functionals from the inequity measurement
literature, see Ben-Porath et al. (1997). In order to apply the theory of inequality
under uncertainty developed in Ben-Porath et al. (1997), we have to verify that the
framework of symmetric comonotonically linear functionals used there includes our
proposed inequity-averse aggregation function Z = p + AA (as it is the case for the
Rawlsian inequity measure, see (Ben-Porath et al. 1997)). We shall show that for
0 < X <1/2, the measure Z = p + AA is indeed a symmetric comonotonically linear
functional, defined by a probability vector on the sorted distances. A related result
has already been shown in Porath and Gilboa (1994) for the case of (income) maxi-
mization instead of (distance) minimization. Note that the switch from maximization
to minimization is not completely trivial (as it has also been observed in Drezner et al.
(2009)): the idea of simply subtracting distances from an upper bound to get a max-
imization problem has the drawback that the Gini index is not translation-invariant,
which would make the value of the index dependent on the chosen bound. Therefore,

we give an explicit proof for the situation treated in the present thesis.

Following Ben-Porath et al. (1997), we characterize a symmetric comonotonically
linear functional on a set {di,...,dy} of variables by a vector of “rank-dependent”
probabilities ¢; (i =1, ..., N) to be assigned as weights to the sorted variable values.
Let dV < d® < ... < d™N) be the sorted variable values. While in Ben-Porath et al.
(1997), the variables correspond to payoffs, they are distances (i.e., costs) in our case,
so d; stands now for the distance to be traversed by the individual who is the i-th

best-off (instead of worst-off as in Ben-Porath et al. (1997)). Consequently, we have
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to reverse the assumption ¢; > g2 > ... > ¢y made in Ben-Porath et al. (1997) to

the assumption ¢; < g2 < ... < qn. The functional is given by

Z(d) = ZN: g d. (4.2)

The special case ¢; = 1/N for all i corresponds to the utilitarian measure, and the
special case gy = 1 and ¢; = 0 (i < N) corresponds to the Rawlsian measure. As
mentioned in Ben-Porath et al. (1997), a functional of the form (4.2) can be viewed
as a so-called “min-of-means” functional
Z(d) = ming - d 4.3
(d) = ming (4.3)
by choosing C' as the convex hull of all permutations of (g;)¥ ;.
An alternative representation of the Gini index derives from the well-known Lorenz
curve and is given by

N — ) d®
N S, do

where it is now essential that the d) are sorted in ascending order as assumed above.
Elementary calculations show that the two expressions (4.1) and (4.4) are equivalent.

In addition to G, we consider the mean distance y = +- Zfil d®.

Proposition. For 0 < A < 1/2, the weighted sum Z(d) = p 4+ AA with A = 2uG
is a symmetric comonotonically linear functional of the form (4.2) with a vector ¢ of

probabilities ¢; > 0 satisfying ZZ]\; ¢g=1land ¢ < ... <qn.

Proof. By insertion of (4.4) for G we get

N N

A =2uG = % D IN+1) =2(N+1—14)]d" = % > (2i-N-1)d9. (45)

i=1 =1
Using this expression, we further get

N N

I(d)= 5> dV + A 55 2= N-1)dV = Z{;H(%N—l)} dv.

=1 =1 =1
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Let us denote the coefficients of the variables d® by

2 (N , .
Obviously, ¢; < ... < gy. Moreover, since ¢ = 1/N—2A\(N—1)/N* > 1/N—-1/N =0
because of A < 1/2, we have ¢; > 0 for all 4. Finally, Zfil(% — N—-1) =0, and

therefore 32, ¢; = 2 2.N=1

Note that some of the coefficients of the variables d¥ on the r.h.s. of (4.5) are
negative, so neither Gini’s Mean Absolute Difference A nor the Gini index G itself
would allow a representation as required in the Proposition.

To represent uncertainty in our problem, we follow the approach in Ben-Porath
et al. (1997). The key difficulty treated therein, the contrast between ex ante in-
equity and ex post inequity, can be stated in formal terms as follows: Suppose we
have an inequity measure Z(f) assigning to each vector (f(i));e; of costs of all in-
dividuals i € I a real number, and let f(s,i) denote the cost of individual ¢ under
random scenario s. Then it is not clear whether Z(FE [f(s,4)]) or E ([Z(f(s,1))] should
be optimized, where Z, acting on ¢, is the given inequity measure, and F, acting
on s, is the mathematical expectation. Should we try to minimize the inequity of
the expected outcome (ex ante consideration), or rather the expected inequity of the
outcome (ex post consideration)?

To see the difference between the two criteria, consider the following example
from Ben-Porath et al. (1997). Let us compare the three “social policies” f, g and
h below, where a social policy f is a function f(s,7) assigning costs to scenarios and
individuals as above. In the example, two scenarios s and ¢ with equal probabilities 0.5

and two individuals ¢ and b are considered.

fla b gla b hla b
510 0 510 1 510 1
ti1 1 t11 0 t{0 1

The ex ante inequity perspective is indifferent with respect to the social policies f

and g since they entail the same expected cost of 0.5 for each of the two individuals,
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whereas it prefers f and g over the social policy A which entails unequal expected
costs of 0 and 1 for individual a and b, respectively. The ex post inequity perspective,
on the contrary, prefers f over both g and h, since f leads with probability one to a
final overall state of equity, whereas g and h, between which the ex-post perspective
is indifferent, result with probability one in a final overall state of inequity. Roughly
summarizing we can say that er ante optimizes equity of chances, whereas ex post
optimizes the chance of equity. It is not obvious which criterion is more appropriate
in humanitarian logistics. On one hand, humanitarian organizations would certainly
not like to see big differences in the well-being and safety of victims after a disaster
(ex post consideration). On the other hand, using exclusively the ex post criterion
may discourage private or communal initiatives to protect against the consequences
of disasters in advance by own efforts.

Ben-Porath et al. (1997) define a broad class of “reasonable” inequity measures
taking both ex ante inequity and ez post inequity into account. A special case are
weighted means of Z(FE [f(s,i)]) and E[Z(f(s,?))]. This is the approach we follow
here. As shown in Gajdos and Maurin (2004) (see Theorem 9), it is arguable from
theoretical reasons that the two weights are chosen as equal. Therefore, in this study,

we shall mainly choose

1

ST(E[F(s,0)]) + 5 BIE(F(s,0)] (4.6)

as the objective. Based on the inequity-averse aggregation function Z(d) = u(d) +
AA(d), where d is the vector of all distances from individuals to assigned opened
shelters, we specify now the objective functions for the ex ante and for the ex post
case, respectively. The objective function for the combined case results as the weighted

mean (4.6).

Ezx ante problem: First of all, we compute the expected distance to be traversed
by an inhabitant of PN k. With the defined notation, in scenario s, an inhabitant ¢
of PN k has a probability of bf /wy, to be affected by the disaster. If (s)he is affected

by the disaster, (s)he faces a distance of dys = ZjeJ Yrjdr;s to the assigned shelter.
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This is correct because we make sure that every population node is assigned only to
one shelter. Therefore, the expected distance for an arbitrary person from PN £ is
dp = Y sesPs - (i /wy) - dys. There are N = ), . wy, individuals in total. The Gini
index of the values d, (note that each value dy has to be taken with multiplicity wy,

for the wy inhabitants of PN k) can easily be computed, using representation (4.1):

G = L . Zk‘EK Zk'EK W ’[Uki |Cik; — Czk’l

2N ZkeKwk dk

1 Dkek 2awek ‘Zses Ds <wk’ by, ZjeJ Yrjdrjs — Wy by, Zjej yk/jdk,jsﬂ
2N ZkEK ZSES Zjej psbzykjdkjs )

Since the mean p of the values dj, (taken with their multiplicities wy,) is

= S S pe b kg

keK seS jeJ

we get the following formula for the objective function (to be minimized) of the ez

ante problem:

Fante = U + 2/\NG = % Z Z Zps bz ykjdkjs

keK seS jeJ
)\ S S
keK K'eK | seS jedJ jedJ

Ex post problem: Now we have to start with the computation of the Gini index
(and of the inequity-averse aggregation function Z(d)) for a fixed scenario s. For a
given scenario s, we reduce each PN k to those b} inhabitants that are affected by
the disaster, and disregard the remaining wj, — b7 inhabitants. We do not take these
inhabitants into account since we want to judge equity only among those that are
candidates for actions, i.e., assignments to shelters. This is possible in the ez post
framework, since after scenario realization, it is already known who has been affected
by the disaster and who not. Let N; = >, . b; be the total number of affected
people in scenario s. Then, with dis as in the ex ante case, and again considering

multiplicities (this time by the number of affected individuals instead of the number
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of all individuals), we get:

1 D ker 2ower bk bk ks — dies]
2N > ket bF dis ’

Since the mean p of the distances (considering their multiplicities) is p® = NL; > kex b7 dis

G* s€S.

(s € 5), the objective function of the ex post problem results by taking the expected

value over the random scenarios as

Fpost = B’ +20°G*] = > _p, % D) b yksdigs

seS S keEK jeJ
]' S S
A P D D Wbk 1D widigs = D pweydisl. (48)
SES S keK K eK jedJ jedJ

Both the ex ante and the ex post problem can be cast into MIP formulations, as
it will be shown in the next subsection. For example, the ex ante problem can be
linearized by defining

Tk = Zps <wk’ bi Z ykjdkjs — Wg bz, Z yk’jdk’js>

seS jedJ jeJ

and introducing the auxiliary variables 7',: p = max(7x, 0) and 7,7, = max(—7x 4, 0).

4.1.1  Formulation of the model

We are now in the position to present the suggested MIP models. All that is still
missing is the chance constraint, expressing the condition that with at least a certain
pre-specified probability «, the solution remains feasible even after shelter expansions,
i.e., Pr(total cost < C') > a. Since randomness is represented in our model by the
possible scenarios s € S with assigned probabilities py, the chance constraint takes the
form ) ¢ pszs > @, where 2 is the indicator variable for the event that the total cost
in scenario s is smaller or equal to the budget C'. The formulations below give the
deterministic equivalents of our chance-constrained stochastic programs. Table 4.1
lists the decision variables of the models.

Ex ante problem:

min g+ 2\uG = % Z Z Zps by Yrjdijs + % Z Z (Tlik/ + 7’1?,1«) s.t.

keEK s€S jeJ kEK kK

(4.9)
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Table 4.1: Decision Variables

Notation Description Variable type
xj 1 if CL j is opened, 0 otherwise Binary

1 if all individuals in PN &
Yk Binary

are assigned to CL j, 0 otherwise

1 if total cost meets the budget in .
Zs Binary
scenario s, 0 otherwise

Amount of exceeded demand assigned to CL j )
tis Continuous

in scenario s

T,::k/ — Tk_,k’ = Zps (wk/ bz Zykjdkjs — Wy bz/ Zyk"jdk’js> \V/k, k?l - K

seS jeJ jeJ

(4.10)
Ykj S X Vk € K, ] eJ (411)
Syy=1 Vkek (4.12)
jeJ
d by <titc Vi€ seS (4.13)
keK
ijxj_’_nj tjs S C—f-M()(]_—ZS) Vs e S (414)
jeJ
D pr>a (4.15)
ses
z; €{0,1} VjelJ, 2z,€{0,1} VseS
u; €{0,1}y  VkeK,jeJ
tis >0 VjeJselS (4.16)
Tow Tow 20 VE K €K (4.17)

To reformulate the objective function in linear terms, we introduced auxiliary vari-
ables 7,7, and 7, as discussed above and added constraints (4.10). Constraint (4.11)

ensures that a PN can only be served by an opened shelter. Constraint (4.12) guaran-



48 Chapter 4: Inequity-averse shelter location for disaster preparedness

tees that each PN is assigned to exactly one shelter. Constraint (4.13) calculates the
exceeded capacity for each CL in each scenario. Constraint (4.14) defines the indicator
variable z, for the satisfaction of the budget constraint in scenario s. If we meet the
budget in scenario s, then z; has no reason to become zero; otherwise, z; will be zero.
Our chance constraint (4.15) imposes that the budget should be met with probability
at least a. Finally, the large number M, can be replaced by >, ; (f; +n; (N — ¢;)).

Ex post problem:

min Z Z Z psbk ykjdk]s +A Zps N2 Z Z bs z/ pkk’ + pkk’ ) S.t.

s€S keK jeJ N seS N keEK k'eK
(4.18)
Piwrs = Prws = D Ukjllijs = O ypjdijs Vs €S, kK € K (4.19)
jeJ j€J
PrsPaws >0 VE K €K s€S (4.20)

constraints (4.11) — (4.16)

where pf,,, and p;,., are three-indexed nonnegative auxiliary variables that help us

to make the objective function linear.

Combined problem:

A
min ~y <% ZZZpstykjdkjs—i-m Z Z(ﬂ:k/-i-ﬁc,k'))

keK seS jed keK kK'eK
(Z Z Z psbk yk]dk]s + A Zps N2 Z Z bs Z’ pkk’ + pkk’ ))
s€S keK jeJ 5 seS 8 keK k'eK
(4.21)

s.t. constraints (4.10) — (4.17) and (4.19) — (4.20).

In the objective function, ~ is the weight of the ex ante measure which is a constant
parameter. The special cases v = 1 and v = 0 yield the ex ante and the ez post
problem, respectively. The special case v = 1/2 yields the problem corresponding to
(4.6).
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For the evaluation of our experimental results in Section 4.3, we will calculate
the average distance that each individual has to travel to reach the assigned shelter
(ADTS), given by the first them of (4.7) for ex ante approach and by the first term

of (4.8) for ex post approach. We also define a combined ADTS by
1 1 s 1 1 s
5\ 2o 2 2P bukgdigs | + 5 (Do D D 5 pebiwmidis | -
keK seS jeJ s€S k€K jeJ = ¢

On the other hand, inequity will be judged by Gini’s mean absolute difference (GMAD).
For the ex ante and the ex post version of GMAD, we use the second term of (4.7)

and (4.8), respectively:

GMADexante = % Z Z

keK k'eK

Zps (wk/ by Z Ynjdrjs — wy bY, Z yk’jdk’js) ‘

s€S jed jeJ

GMADexpost - Zps % Z Z bz Z’

seS $ kEKEKeEK

Z Yrjdijs — Zyk’jdk’js :

jedJ jed

Analogously to the combined ADTS, a combined GMAD is calculated as the weighted

mean of GMAD.zante and GM AD ;05 With equal weights. Finally, ex ante, ex post
and combined versions of the Gini index result as the quotients GMAD/(2- ADTS)
for the respective versions of GMAD and ADTS.

4.2 Solution algorithm

In principle, the model from Section 4.1.1 can be solved by a MIP solver. We used
Cplex 12 for this purpose. However, as it shall be detailed in Section 4.3, it turned out
that the computational limits of this solution approach exclude larger test instances,
as they may well occur in practice: The model cannot be solved to optimality for
instances with more than about 50 PNs, 50 CLs and 500 scenarios. Therefore, in the
present section, we develop a genetic algorithm (GA) to solve the presented prob-
lem approximately for realistic sizes of the problem. GAs are widely used to solve
combinatorial optimization problems and work well on location-allocation problems

(Jaramillo et al. 2002), (Alp et al. 2003). The performance of GAs is highly dependent
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on the search space size. Hence, a GA may fail to converge to a global optimum in a
large search space and may take a long execution time (Derbel et al. 2012). In order
to restrict the solution space, we follow a commonly used approach: Any location-
allocation problem can be decomposed into a location problem (“master problem”)
and a repeatedly solved allocation problem (“subproblem”). Consequently, we can
search for location decisions on the level of the master problem by the GA, and for
each such decision, knowing which candidate locations are chosen, we can find the
optimal allocation along with the objective function value. However, this may still
take extensive runtime. Therefore, to solve the allocation problem quickly, we utilize
a greedy algorithm on the level of the subproblem. A complicating factor here is the
chance constraint. We propose a method to tackle this complication and discuss it in

the remainder of this section.

4.2.1 Qverview of the genetic algorithm

A GA is a population-based metaheuristic and works with a population of solutions
at each iteration to obtain a near-optimal solution to an optimization problem. GAs
were originally introduced by (Holland 1992), based on the natural selection concept
that drives biological evolution. Solutions are represented by chromosomes, and a
population of chromosomes defines a generation. The GA starts with a fixed number
of initial solutions and maintains this number as the population size through the
generations. In each iteration, new chromosomes are generated as offspring of two
chromosomes or as the result of mutating one chromosome. The next generation is
built by selecting “good” solutions from the current population and recently generated
offspring, and eliminating less good solutions. The algorithm continues to evolve
populations from one generation to another until a stopping criterion is met. Let
Pop,, PA; and C} respectively represent the population, parents and offspring sets in
the current generation t. The general implementation structure of the GA is described
in Algorithm 2, and followed in this section. The related section to each component

of the algorithm is specified by the section reference number.
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Algorithm 2 General structure of the genetic algorithm
Input: problem data, GA parameters

Output: the best solution
t1
Generate the initial population Pop; as described in section 4.2.2;
Evaluate all members of Pop; using the section 4.2.3;
while the termination criteria does not hold do
Create solution set PA; as the parents set from members of Pop; respecting the parents
selection (section 4.2.4);
Select two chromosome from PA; and create two children by the crossover (section 4.2.4);
If the children are distinct add them to Cy;
Select one chromosome form PA; and create one child by the mutation (section 4.2.4);
If the child is unique add it to Cy;
Evaluate all members of C; by the fitness evaluation (section 4.2.3);
Select Pop;y1 from PA; and Cy by the survivors selection (section 4.2.4);
t t+1;
end while

Return the best solution in the final population
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4.2.2  Solution representation and initial solution

In our algorithm we allow the GA to iterate over location decisions. The allocation
decisions are made within the fitness function evaluation procedure while we know
the values of (x;) ;e representing the current location decision. The chromosomes are
the backbone of the GA. They represent the solutions by a one-to-one relationship.
As the location decisions are modeled by binary variables, the binary string encoding
is a natural choice. This means each of our GA chromosomes is a one-dimensional
array vector £ = (z1,...,x,,) of 0-1 values z; with length equal to the number m of

candidate locations.

To obtain an initial solution, we randomly assign 0 or 1 to each gene j of each
chromosome. However, to help the algorithm to avoid generating infeasible solutions
as much as possible, we calculate an upper bound for the number of open facilities
and respect this bound during the assignment of 1-bits to the initial solution. At
first, we sort the CLs according to their establishment costs in non-decreasing order.
Let us change the indices accordingly, such that f; < fo < ... < f,, is the resulting
arrangement of establishment costs. Now, we define m,,, = max{j : Zle fi <C}.
We make sure that the number of open facilities in the initial solution and in any
other solution generated during the algorithm will not exceed M4, This produces

a good chance to obtain solutions that respect the chance constraint.

4.2.8  Fitness evaluation

To evaluate the quality of the chromosomes, we need to define a fitness function which
should relate to the objective function and the feasibility of the solutions. Therefore,
for given location solution (chromosome) z, we want to obtain an optimal allocation
y = (yx;) and the corresponding objective function value assigned to (z,y). Knowing
the opened facilities, we can determine the best allocation by solving a MIP model

which we call the allocation model. Given solution z, let J' = {j € J: z; = 1} be
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the set of open locations. The allocation model (AM) is as follows:

A
min vy <% ZZZprZykjdkjs—i-m Z Z(T]:k/+7hk’)>

keK seS jeJ’ keK k'eK

F-) (z SO P i A S p s S0 S L (e + pie)

s€S keK jeJ' = S s€S S keEKKEK

(4.22)

s.t. Tl::k’ = Tk_,k’ = Zps <wk/ bi Z ykjdkjs — W bZ’ Zyk’jdk’js> Vk, K eK

ses jeJ jeJ
(4.23)

P = Prws = D Ukjjs — > ywjdiss Vs €S, kK € K (4.24)

jed’ jeJ’
Yuy=1 VkeK (4.25)
jeJ’
Z bz Ykj < tjs + Cj Vj € J/, se S (426)
keK
Z fj[L’j +njtjs <C+ Mo(l — ZS) Vs e S (427)
jeJ’
D pa>a (4.28)
seS

yr; € {0,1} Vke K, jelJ
tis >0 VjelJ ses,

Towr Thw =20 VR, K €K, plug s 20 VE K€K, s€8 (4.29)

Solving this model for every chromosome x considered by the GA is time consum-
ing. We require an efficient heuristic to find near-optimal allocations. By relaxing
constraints (4.27) and (4.28) and ignoring the Gini related part of the objective func-
tion and the constraints (4.23) and (4.24), as well as removing the ¢;, variables, we
obtain a stochastic generalized assignment problem (SGAP). Note that since we omit
constraints (4.27) and (4.28), the SGAP solutions may not be feasible. However, we

consider a penalty for violating these constraints in the fitness function of the GA in

)
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Section 4.2.3. There are some heuristic approaches in the literature to solve the deter-
ministic GAP efficiently, one of which is the greedy approach proposed by (Romeijn
and Morales 2000). Before adapting their method, we need to deal with the uncertain
demand which appears in constraint (4.26). A reasonable approach is to substitute
the demands b; with the expected demands b = > scs Psby, keeping in mind that this
will underestimate the demand in some scenarios (feasibility will finally be checked by
the GA). With all these modifications, we obtain the deterministic allocation model

named GAP presented below:

. Zs psbs dk js psbsd js
min fGAP:ZZ<7'GS—“+(1_7)'ZZk—kaS Yk
keK "k

keK jeJ’ ZkEK Wk ses
(4.30)
duy=1 VkeK
jeJ
i< Vield
keK

yr; € {0,1} Vke K,jeJ.

Since we do not consider capacity expansion in the GAP problem and use expected
demand instead of actual demand, some scenarios may confront us with expansion
costs caused by the allocations that result as the solutions of GAP. Therefore, it is
possible that the GAP solution violates the chance constraint (constraint (4.28)). If
the greedy algorithm yields a feasible solution to the main problem, we consider it
as an acceptable (approximate) solution; otherwise, we try to find a feasible allo-
cation. We propose two approaches which can be combined. First, the algorithm
from Romeijn and Morales (2000) can be changed to a randomized greedy algorithm.
Shortly speaking, this means that we allow selection from the top § percentage of the
allocation choices randomly instead of choosing the best one. We repeat the random-
ized greedy approach until it gives us a feasible allocation or until a certain number
of repetitions is reached. In this manner, the chance of finding a feasible allocation is
increased. Details will be presented in Section 4.2.3. Secondly, in the case of promis-

ing solutions, we solve the AM to optimality by the MIP solver, as explained later in
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Section 4.2.5.

Randomized Greedy Algorithm

Suppose there are M open facilities in the current chromosome = and n population
nodes as before. As before, J’' denotes the set of open facilities. Furthermore, let
K’ be the set of nodes that are initially unassigned. In order to apply the idea of
the algorithm presented in Romeijn and Morales (2000), we have to define a weight
function that scores all possible assignments k +— 7 of PNs to CLs. So that the
algorithm will assign PNs to open facilities according to this function. The most
common choice for the weight function is to use the assignment cost which is the
coefficient of y; in the objective function of GAP. Therefore, focusing on the special
case where the coefficient 7 is chosen as 1/2, we define the weight function as

> scs Psbidjs N Psbidjs

p(k,j) = =
D kex W ses D ke Ui

and extend it later by an additional term to a function g(k, j). Below we present the
pseudocode of the randomized greedy algorithm.

As the proposed greedy approach does not guarantee that the allocations neces-
sarily satisfy the omitted constraints,we use in the GA a penalty function approach
by defining a suitable feasibility score. The fitness function is obtained then as a

combination of an optimality score and the feasibility score.

Fitness Function

Let us denote the set of solutions in the current population as V', and let v be an
element of this set. Infeasibility is defined as the violation of the chance constraint. To
obtain this violation, first we need to calculate the total cost incur by current location
(zV) and allocation (y") solutions. The total establishment cost can be calculated as
> e Jix¥. However, to calculate the total expansion cost we need to know the
tjs variables’ values. Since we do not want to pay more than necessary for capacity

expansion in an optimal solution, the ¢;4 variables can obtained from constraint (4.26)
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Algorithm 3 Randomized Greedy Algorithm (RGA) to solve GAP

set K' =K, c;=¢c; VjeJ

set kj = H/c; Yj € J', where H is a constant
while K’ # () do
for k € K’ do
9(k,j) = @(k,j) +rjby Vje J
Ji = argminje r {g(k, j)}
Uy =minjey jrz, (9(k, 5") — g(k, ji))
end for
sort (Vg )rex in non-increasing order
define 2 as the set of indices of the top £ percentage of sorted ¥y values
let k be a randomly selected element of €2
assign PN k to facility j;
update the remaining capacity: C;k = 691; — 13];
set K" = K"\ {k}

end while

such as: ¢ = maxz(c; — Y b yg;,0). Thus the total cost will be >, 5 fiz} +n;t
kEK
According to constraint (4.27), if the total cost meets the budget in scenario s, then

v
Jjs-

2y = 1; otherwise 2z} = 0. Now, let p(v) = max{a — > s pszy, 0} for each solution
v € V. The feasibility score for v is §(v) = 1—p(v)/ pmaz, Where ppq. = max,ey{p(v)}.
Note that any feasible solution will get the score 1 and the infeasible solution with the
maximum degree of chance constraint violation will get a score 0. Let F'(v) denote
the objective function value of a given solution v. The optimality score can be written
as 0(v) = Fon/F(v), where Fp,;, = min,ey{F(v)}. Finally, the fitness function is

computed as:

$(v) = O(v)™ - p(v)' =™, (4.31)

where value o4 is a number between two pre-defined constants a,,;, and u,q., and t is
the current iteration. This parameter helps us to control the weight of optimality and

feasibility scores over the iterations. We update oy by ayy1 = @y — (mae — Qmin) /T,



Chapter 4: Inequity-averse shelter location for disaster preparedness Y

where T is the total number of iterations, and start with a; = ..

4.2.4  Genetic operators and termination criterion

Selection: Solutions or individuals in the current population that contribute to the
generation of the next generation individuals are commonly called parents. Selection
of parents can effect the quality and diversity of the next generation. We assign
a selection probability P, to every individual v € V' and select individuals for the
next generation according to this probability. Denote the rank of individual v in the
population based on its fitness value ¢(v) by r, and the population size by nPop.
Then the selection probability of individual v is chosen as

Pv:2_X+ 2r(x — 1) 7
nPop ~ nPop(nPop — 1)

(4.32)

where y is a parameter in the interval [1,2] that shapes the probability distribution.
When the GA wants to go from one generation to the next one, some individuals will
survive and the others will be omitted from the population. There are several methods
to perform the survivor selection. Among them we adopt the (p+ \) selection method
as described in Eiben et al. (2003). It means that we select the top nPop of solutions
from the parent and offspring pool of chromosomes to be retained.

Crossover: Crossover is the move that makes two new chromosomes from two
parents selected randomly. We adopt the three common operators for binary chro-
mosomes suggested in Eiben et al. (2003); namely, one-point crossover, two-point
crossover and uniform crossover. In general, we can not state which of these opera-
tors performs best; therefore, we select one of them randomly, with equal probabilities,
each time we need to apply a crossover.

Mutation: Mutation is designed to create a new individual from a randomly
selected parent by some random and unbiased change in a certain number of its
genes. Mutation has to be an explorative operator in the GA (Eiben and Schippers
1998). Therefore, it needs to cover a wide neighborhood space. To achieve this, we

use the following three moves and randomly choose one of them with equal probability
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until the number of changed genes reaches a pre-specified value. (i) Open a facility:
We select a closed facility and open it. (ii) Close a facility: We select an opened
facility and close it. (iii) Two-point swap: An open facility and an unopened facility
are selected randomly, and their indicator variables x; are swapped.

Termination Criterion: The execution of the GA is continued until a maximum
number of iterations is reached, or a certain number of successive generations provides

no improvement. We refer to the latter as idle populations.

4.2.5 FEnhancing the GA

As mentioned before, to increase the chance of finding an optimal solution, we solve
the AM to optimality for some selected chromosomes. In order to have a systematic
approach to select these chromosomes, we use the information that the randomized
greedy algorithm (RGA) provides about the chromosomes. Note that the GAP is
a relaxation of the AM. Thus, if the optimal solution of GAP is a feasible solution
to AM, it is already optimal. Hence, the difficulty arises from solutions that are
infeasible for AM. To reduce the number of chromosomes for which we solve AM to
optimality, the selected chromosome should satisfy the following conditions: (i) The
allocations produced by RGA should be infeasible to AM. (ii) The objective function
value of the allocations produced by RGA should be less than or equal to (147) Fyyin,
where F},,;, is the best objective value from the previous iteration, with 7 denoting a

parameter that is tuned experimentally.

4.3 Computational results and case study

To test the performance of the proposed GA, we generate a number of instances based
on the benchmark data set provided by Beasley (1988) from the OR-library for the
capacitated warehouse location problem. We compare the runtime and the quality of
the solutions achieved by our algorithm to the solutions obtained by solving the MIP
model given in Section 4.1.1 by Cplex 12.5.1 in instances that are solvable by Cplex

within two hours. We also test our algorithm on real data from a district of Istanbul
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by augmenting the data of Kile1 et al. (2015). In all of the instances, we consider the
case of an earthquake as the natural disaster when generating the scenarios. We first
present the GA parameter settings. Next we describe how the benchmark instances
are generated and then present the computational results for these instances. After
that we explain how we prepare the Istanbul data and present the corresponding

results. We also perform several analyses using the Istanbul data.

Computational results on OR-library benchmark data

In this section we present the computational results on the 56 benchmark instances
generated based on ORIib benchmak data that we describe in Section 3.1. All com-
putations are conducted on a computer with two 28-core Intel Xeon E5-2690 v4
processors, running at 2.6 GHz with 35 MB cache, 128 GB RAM and with windows
10. To solve the MIP model we use Gams 24.1.2 and the Cplex 12.5.1 solver. We
implemented the GA using Python 2.7 and the allocation model (AM) inside the GA
is solved by Gurobi 7.5.

To have reliable results we execute 5 replications when using the GA and report
the best and average objective values found in Table 4.2 alongside with the optimal
solution of MIP. In Table 4.2 the first column shows the instance names, the next
three columns are outputs of the MIP model solved by Cplex. Opt. Objval shows
the optimal value of the objective function obtained by Cplex. When Cplex was
unable to solve the problem optimally, we report the best feasible solution found
within the 2-hour time limit. Runtime is the time that Cplex spends to reach the
final solution, and LB is the reported lower-bound by Cplex. Furthermore, the ‘-’ sign
means that we could not calculate any value because Cplex did not provide enough
information. The next three columns are related to the results of the GA runs. Best
objval, Avg. objval and Avg. time indicate the best objective value, average objective
value and average runtime of 5 GA replications in seconds, respectively. ODP (%)
shows the difference between the objective function value obtained by Cplex (Z¢) and

the best objective function value obtained by the GA (Zg4) in terms of percentages
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of Z¢. Similarly, the GAP(%) column which shows the optimality gap is derived as
GAP(%)= 100 (Zga — LB)/LB.

The negative values in the ODP(%) column show that the GA was sometimes
able to find better solutions compared to Cplex. This is possible because in those
cases Cplex reached its time limit and could not find the optimal solution. The
instances where Cplex reached the time limit are indicated by displaying the values
in the runtime column in bold. As it can be seen in Table 4.2, out of 56 instances,
the GA obtained the optimal solution in 27 of them. In addition, the optimality gap
for instances where Cplex could find the optimal solution is 0.42 percentage on the
average. By comparing Best objval and Avg. objval columns, we can see that in 23
instances out of 56, the value of these two columns are equal. This means that the
GA found the same solution in all 5 replications. In other 23 cases the difference
between these two values is insignificant, indicating the robustness of the algorithm.

Let us analyze how the problem size affects the runtime of Cplex and of the
GA. The average of the runtime values over instances of the same size are seen from
Table 4.2. As we go from smaller instances towards bigger ones, the runtime increases
gradually. It can be observed that the changes in the average runtime of Cplex are
much larger than those in the average runtime of the GA. Thus, contrary to Cplex,

the GA performs in a fairly robust fashion.

4.3.1 Case study

As mentioned before, we also executed the GA on the data of the Kartal district
of Istanbul explained in Section 3.2 We present the results for these six problems in
Table 4.3. The column labels are the same as the ones in Tables 3.1 and 4.2. We
observe that the runtime increases almost linearly with the number of scenarios. We
also observe that the best objective value starts to converge as the number of scenarios
reaches 2000. Therefore, for the remaining analyses we fixed the number of scenarios
to 2000.

We show the solutions of Istanbul_50 and Istanbul_2000 instances on the Kartal
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Table 4.2: Computational results of benchmark instances
Instance name Cplex aA ODP (%) GAP(%)
Opt. Objval runtime LB Best objval Avg. objval Avg. time

cap61-50 16531.92 102.30 16531.92 16533.06 16533.06 55.76 0.01 0.01
cap61.100 17467.68 499.88 17467.68 17467.87 17467.87 112.43 0.00 0.00
cap61-200 16379.25 1782.18 16379.25 16379.27 16379.27 170.13 0.00 0.00
cap61_500 14922.02 3912.79 14922.02 14922.02 14922.02 515.76 0.00 0.00
cap63.50 19157.14 113.53 19157.14 19160.62 19160.62 55.71 0.02 0.02
cap63-100 16476.17 397.65 16476.17 16477.25 16477.25 97.04 0.01 0.01
cap63-200 16271.46 1996.16 16271.46 16272.83 16273.74 196.43 0.01 0.01
cap63-500 18426.67 4867.42 18426.67 18431.65 18431.65 423.81 0.03 0.03
cap74.50 16632.20 128.44 16632.20 16635.10 16635.10 59.19 0.02 0.02
cap74.100 18511.62 423.16 18511.62 18512.90 18512.90 123.62 0.01 0.01
cap74-200 15400.32 1245.10 15400.32 15401.09 15401.09 177.79 0.01 0.01
cap74.500 15591.65 3694.83 15591.65 15592.11 15592.11 396.55 0.00 0.00
cap83.50 17754.41 172.48 17754.41 17755.31 17755.31 111.88 0.01 0.01
cap83.100 16271.02 509.00 16271.02 16271.34 16271.34 195.03 0.00 0.00
cap83-200 14054.35 1669.56 14054.35 14054.43 14055.24 316.03 0.00 0.00
cap83-500 13917.38 7314.22 13531.13 13888.25 13888.25 944.73 -0.21 2.64
cap92.50 15805.19 115.07 15805.19 15806.03 15806.03 152.31 0.01 0.01
cap92.100 14590.47 425.44 14590.47 14591.90 14591.90 216.98 0.01 0.01
cap92_200 15108.19 1663.68 15108.19 15108.72 15108.72 369.66 0.00 0.00
cap92.500 13320.44 6712.17 13320.44 13661.09 13663.81 823.43 2.56 2.56
capl01_.50 14984.40 111.90 14984.40 14984.51 14988.31 104.73 0.00 0.00
capl01.100 15221.47 505.99 15221.47 15221.52 15222.41 172.27 0.00 0.00
capl101-200 14527.47 1062.70 14527.47 14527.51 14527.51 293.16 0.00 0.00
capl101.500 13412.97 5956.88 13412.97 13777.95 13777.95 696.12 2.72 2.72
capl112_50 216.97 323.14 216.97 228.31 235.04 428.46 5.23 5.23
capl12_100 202.37 2518.78 202.37 202.37 207.67 620.99 0.00 0.00
capl12_200 172.19 7275.09 144.70 172.19 173.96 3479.98 0.00 19.00
capl112.500 - 7200.00 - 104.22 105.24 2447.80 - -
capl114.50 209.77 310.47 209.77 222.06 224.41 403.37 5.86 5.86
capl114.100 197.70 2249.10 197.70 199.08 201.00 631.58 0.70 0.70
capl114.200 137.70 7278.26 121.30 137.70 138.28 1060.87 0.00 13.52
capl114_500 - 7200.00 - 121.74 122.84 5261.95 - -
capl123.50 216.97 341.99 216.97 216.97 218.97 400.01 0.00 0.00
capl123.100 177.74 1636.07 177.74 177.80 181.89 668.38 0.04 0.04
capl123.200 148.82 6350.66 148.82 148.82 151.31 1222.15 0.00 0.00
capl123.500 - 7200.00 - 115.07 115.07 2410.27 - -
capl124.50 207.06 253.54 207.06 208.45 217.52 390.11 0.67 0.67
capl124.100 184.01 1786.61 184.01 184.01 184.66 682.19 0.00 0.00
capl124_200 141.89 5813.65 141.89 141.89 149.30 1044.83 0.00 0.00
capl124.500 - 7200.00 - 108.14 108.14 2937.39 - -
capl131.50 201.01 262.90 201.01 202.87 206.38 413.08 0.92 0.92
capl131-100 174.64 2018.68 174.64 174.64 174.64 649.20 0.00 0.00
capl31_.200 144.17 6841.22 144.17 144.17 146.79 1089.66 0.00 0.00
capl131.500 1675.20 7382.61 - 109.13 109.76 2592.21 -93.49 -
capl32_.50 219.64 284.70 219.64 219.64 224.90 412.00 0.00 0.00
capl32_100 188.19 2158.22 188.19 188.19 188.19 722.54 0.00 0.00
capl132.200 139.89 5238.09 139.89 139.89 142.51 1118.06 0.00 0.00
capl132.500 1662.07 7395.70 - 104.78 106.54 2246.33 -93.70 -
capl133.50 249.10 317.60 249.10 249.10 249.10 371.40 0.00 0.00
capl133-100 197.34 1900.03 197.34 197.53 198.83 632.65 0.10 0.10
capl133.205 136.31 5558.90 136.31 136.31 137.87 1039.95 0.00 0.00
capl133-500 1615.03 7201.36 - 107.58 107.95 2695.12 -93.34 -
capl134.50 225.98 302.87 225.98 225.98 234.70 378.46 0.00 0.00
capl134-100 191.78 1428.87 191.78 191.78 191.78 646.91 0.00 0.00
capl134-200 143.44 5591.36 143.44 143.44 144.16 1070.47 0.00 0.00
capl134_500 1634.33 7393.58 - 108.19 108.53 2341.24 -93.38 -
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Table 4.3: Results of the Kartal case

Instance # PN #CL #S Bestobj Avg. obj Avg. time

Istanbul _50 20 25 50 1661.54 1662.73  29.16
Istanbul 100 20 25 100  1924.25 1925.01  94.42

Istanbul 200 20 25 200 1365.15 1365.15 122.90
Istanbul 500 20 25 500  1380.99  1380.99 179.90
Istanbul 1000 20 25 1000 1403.97 1403.98  334.34
Istanbul 2000 20 25 2000 1410.87  1410.87  600.05

#;\fé _“ ¢

Figure 4.1: Solution of Istanbul 50 in- Figure 4.2: Solution of Istanbul 2000 in-
stance stance

map to see the differences entailed by the number of scenarios. Figures 4.1 and 4.2
demonstrate the locations where we decide to open facilities and how we allocate the
population nodes to those open facilities. Open facilities are identified with white
squares and allocations are shown by black lines between PNs and assigned CLs. We

see that the open facility locations change significantly between the two solutions.

4.8.2  Comparison between ex ante and ex post measures

As explained in Section 4.1.1, ex ante and ex post inequity measurements are two
different approaches towards inequity quantification under uncertainty. We suggest
to use a combination of these two concepts, but it may be instructive to see their

differences if applied in pure form. Thus, in this subsection, we compare the solutions
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Figure 4.3: Ex ante problem solution Figure 4.4: Ex post problem solution

Table 4.4: Evaluation of the solutions of the problem versions

Problem | Ez ante FEx post Combined

ATDS 1135.16 1147.35  1137.61
GMAD 610.24  580.64 599.85

found by solving the ex ante and the ex post versions of the problem, defined in
Section 4.1.1, separately from each other. This is achieved by setting the parameter
in (4.21) to the values 1 and 0, respectively. We select the instance Istanbul 2000 as
our test case. The solutions of the two problem versions are presented in Figures 4.3

and 4.4. The solution to the original problem where v = 0.5 is given in Figure 4.2.

Table 4.4 presents the values of the two objective function components to compare
the solutions of the ex ante, the ex post, and the combined problem. The second line
of Table 4.4 shows the mean distance measure ADTS, calculated by the combined
approach. Similarly, the third line shows Gini’s mean absolute difference GMAD,
again computed by the combined approach. There is no solution dominating another
one. We cannot conclude that one solution is superior to the other; as discussed in
Section 4.1, the choice depends on whether one rather strives for “equal chances” or
for “chances of equity”. However, it can be observed that eight facility locations are

common in the solutions.
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Figure 4.5: Optimizing the combined Figure 4.6: Optimizing the combined
ADTS for Istanbul 2000 GMAD for Istanbul 2000

4.3.3  Tradeoff between efficiency and equity

A major contribution of this work is the introduction of a Gini-related component in
the objective function while modeling a stochastic shelter location problem. There-
fore, it is worthy to see how this component affects the fairness of the best solution
provided by the GA. We first solve the Istanbul 2000 instance without the Gini part
in the objective function by setting A equal to zero, meaning that we neglect equity.
Then, we determine the solution obtained for the other extreme case where the ob-
jective function is replaced by GMAD of distances (this corresponds to the limiting
case for A — 00). The two solutions are shown in Figures 4.5 and 4.6. We can
see that the distances traveled are generally longer but more equitable in Figure 4.6,
compared to Figure 4.5. It is rather clear that the solution in Figure 4.6 pays a too
high price for equity. For example, it assigns the upmost PN a more remote shelter
than necessary, which is certainly undesirable. So we are interested in compromise
solutions obtained by taking weighted means with varying weights A. The theory of
symmetric comonotonically linear functionals guarantees that the above-mentioned

undesirable behavior cannot occur as long as A < 0.5.

4.3.4  Parameters sensitivity analysis

First, we employ a sensitivity analysis on the disaster severity coefficient $! which

effects the PNs’ demand in each scenario. Throughout our computational tests, we
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consider ! is equal to 0.2, 0.5 and 0.8 for low, moderate and high disaster severity,
respectively. However, we test three other cases where 8! is equal to [0.4, 0.7, 1],
[0.3,0.6,0.9] and [0.1,0.4,0.7]. We call these instances S1, S2 and S4, respectively and
name the regular one S3. We generate 500 scenarios for the Kartal case study and
solve the problem with the proposed GA. Table 4.5 reports the objective value (Obj),
ADTS, GMAD and Gini index of these instances. Note that column Demand presents

the average-sum of all PNs’ demand over the scenarios.

Table 4.5: Sensitivity analysis on the disaster severity

Instance Demand Obj ADTS GMAD Gini

S1 72175.42 1358.35 1055.63 605.44 0.287
S2 62836.95 1330.29 1031.52 597.53 0.290
S3 52668.51 1409.68 1100.09 619.18 0.281
S4 43147.76 1249.03 965.33  567.40 0.294

As the parameter for disaster severity increases from S4 to S1, we can see the total
demand is increasing. However, we do not observe a clear pattern in the objective
value, average distance traveled and the Gini coeflicient as the demand increases.

Until now we consider the service level and the budget as the same in all our
computational tests. In the remainder of this section, we define 4 different cases
based on the Istanbul 2000 instance and report various measures. Furthermore, to
observe the behavior of the solutions under different values of A, we solve the problem
for each of the two extreme A values (A = 0 and A\ — oo, respectively), as well as for
the compromise approaches where X is equal to 0.25, 0.5 and 0.75. For the indicated
theoretical reasons, A should be at most 0.5. However, it is interesting also to see how
the solution changes when a higher weight is assigned to the equity measure.

The obtained values for ADTS, for GMAD, and for the Gini index (both in an
ex ante and an ex post version) are presented in Tables 4.6, 4.7, 4.8 and 4.9. These

tables present the results of four cases with varying service level and budget. In the
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Table 4.6: Evaluation measures for Case I (o = 0.95, £ = 0.7) under different values of A

Problem ADTS GMAD EAGI EPGI MaxED MinED RangeED

A=0 1135.15 610.24  0.2107 0.2760 2269.23 659.42 1609.81
A=0.25 1135.87 605.36 0.2111 0.2734 2312.65 659.42 1653.23
A=05 1137.61 599.85 0.2106 0.2702 2312.65 755.62  1557.03
A=0.75 114842 582.28 0.2065 0.2593 2312.65 931.91  1380.74
A—o0 119197 565.06 0.2094 0.2404 2696.41 931.91 1764.50

original setting we set the budget multiplier ¢ equal to 0.7 and service level a equal
to 0.95 which defines the Case I. Other cases values for ¢ and « are introduced in the

tables’ captions.

Since the columns in the four tables show the same measures, we just explain those
in Table 4.6. The first column indicates the weight A\. The second column reports the
combined measure for the mean distance that an individual has to traverse in order to
reach the assigned shelter (ADTS), cf. end of Section 3. The third column shows Gini’s
mean absolute difference of distances (GMAD) for each problem, again computed by
the combined approach. The two next columns, EAGI and EPGI, present the Gini
index itself, calculated in a pure ez ante and a pure ex post consideration, respectively.
The columns MaxED and MinED indicate the maximum and the minimum expected
distance of a population node from the assigned shelter. The last column shows the
range of these expected distances, i.e., the difference between MaxED and MinED.

As the weight of the GMAD increases in the objective function, the general trend
is an improvement in GMAD values and increase in ADTS values. However, in Table
4.9 problem with A = 0.5 (also in Table 4.7 problem with A — oo ) behaves on
the contrary in terms of GMAD. This might be attributed to having non-optimal

solutions.

Figure 4.7 illustrates how the Gini index — we take here the combined version —
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Table 4.7: Evaluation measures for Case II (v = 0.95, £ = 0.3) under different values of A

Problem ADTS GMAD EAGI EPGI MaxED MinED RangeED
A=0 1188.69 583.10 0.2030 0.2505 2460.87 659.42  1801.45
A=0.25 1189.48 581.65 0.2024 0.2497 2460.87 755.62  1705.25
A=05 119259 574.38 0.2128 0.2443 2696.41 755.62  1940.79
A=0.75 1205.12 563.06 0.2061 0.2370 2696.41 931.91 1764.5

A — 0 1212.72 57296  0.2126 0.2391 2696.41 93191 1764.5

Table 4.8: Evaluation measures for Case III (o = 0.98, £ = 0.7) under different values of A

Problem ADTS GMAD EAGI EPGI MaxED MinED RangeED
A=0 1135.15 610.24  0.2107 0.2760 2269.23 659.42  1609.81
A=0.25 1141.15 605.16 0.2131 0.2716 2312.65 659.42 1653.23
A=0.5 1140.63 592.10 0.2102 0.2657 2312.65 755.62 1557.03
A=0.75 1151.44 573.43 0.2060 0.2543 2312.65 931.91 1380.74
A—oo 119197 565.06 0.2094 0.2404 2696.41 931.91 1764.5

Table 4.9: Evaluation measures for Case IV (o = 0.98, £ = 0.3) under different values of \

Objective ADTS GMAD EAGI EPGI MaxED MinED RangeED
A=0 1217.44 598.42  0.2078 0.2505 3295.25 659.42  2635.83
A=0.25 121874 591.39 0.2072 0.2470 3295.25 755.62  2539.63
A=05 1221.34 589.86  0.2160 0.2446 3295.25 755.62  2539.63
A=0.75 125262 595.18 0.2180 0.2400 3185.71 931.91 2253.8

A — o0 1307.67 580.61  0.1677 0.2287 3186.29 931.91  2254.38
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and the mean distance change with the “weight of equity” A. It can be seen that by
increasing A from 0 to 0.25, the Gini index is decreased, but the mean distance stays
at almost the same level. Also if we further increase A from 0.25 to 0.5, the mean
distance increases only marginally, compared to a much stronger decrease in the Gini
index. Therefore, selecting A equal to 0.5, which is still in line with theoretical recom-
mendations, may be a reasonable choice: it already provides a perceptible reduction
of the Gini index (and of the range between maximal and minimal distances) at neg-
ligible costs in terms of the average distance. When judging the magnitude of the
Gini index reduction, one should be aware that for location decisions, a comparably
high “base level” of inequity is unavoidable, since wherever a facility is established,

it obviously favours the inhabitants in its immediate neighborhood.

Gini index and ADTS for different A

A — 0

1190

1180

i
=
]
o

Mean distance (ADTS)
&
o

[N
[
a
o

1140

1130

0.24 0.245 0.25 0.255 0.26 0.265 0.27 0.275
Combined Gini index

Figure 4.7: Mean distance and Gini index in dependence of A for
Istanbul 2000

4.3.5  Bi-objective analysis

We also carried out a (rough) bi-objective analysis by determining an approximation to
the Pareto frontier of the problem with objectives “(expected) combined Gini index”
(fear) and “(expected) mean distance” (faprs). At first we minimized each of these

two objectives separately. Let us call the minimum value found for mean distance
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Figure 4.8: Approximation of the full range of the Pareto frontier for Istanbul case.

and combined Gini index, f7%o and fZil respectively. Then we construct a new

objective by taking a linear combination of normalization of these two objectives.

fmwx 2y (1 w) x 222

CGI ADTS

In order to explore the full range of the Pareto frontier, the single-objective prob-
lems were solved by our GA for the 21 different values 0,0.05,0.10,...,0.95, 1 of the
weight w. The following results refer to the Istanbul 2000 case as described before.
Dominated solutions with respect to the two indicated objective functions were re-
moved. Figure 4.8 shows the Pareto frontier approximation. Note that in the bi-
objective analysis, the second term of the weighted sum is the (normalized) Gini
index and not Gini’s mean absolute difference, as in the results on which Figure 4.7
is based. Obviously, also so-called unsupported solutions (Pareto-optimal solutions
that are not optimizers of the single-objective weighted-sum problem for some weight
w) have a nonzero chance of being found in this way, since the GA solves the problem

only heuristically.
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4.4 Conclusion

In this chapter we introduced a stochastic shelter location and demand allocation
problem for natural disaster preparation that aims to maximize an objective com-
bining efficiency and equity. To the best of our knowledge, this work is the first
that includes a measure derived from the Gini index within a stochastic optimization
framework to account for fairness. We represented uncertainty in demand and trans-
portation network damage by means of a set of scenarios and suggested to obtain
the scenarios by generating the network damage randomly with respect to link-level
correlation. We considered uncertainty in the objective by a combination of ez ante
and ez post inequity concepts from the literature on decision theory.

First we formulated the problem as a MIP model and showed that it cannot be
solved efficiently by a commercial MIP solver on benchmark instances. We tested
problem with sizes that would arise in real applications. We next developed a GA
for our problem and introduced specialized enhancements in the algorithm by utiliz-
ing a relaxed allocation model in order to improve the performance. We used the
benchmark instances to compare the exact solutions with the GA solutions. Our
results showed that the GA outperforms Cplex in terms of runtime in almost all in-
stances. Furthermore, the GA obtains either the optimal solutions or solutions that
are very close to optimal ones, with 0.42 percentage optimality gap on the average
over different problem sizes.

We also executed the GA on real data from the Kartal district of Istanbul pro-
vided by (Kilar et al. 2015) expanded with additional parameters. The GA solved
this instance with 20 PNs, 25 CLs, and 2000 scenarios in around 10 minutes in our
computational platform. We analyzed the tradeoff between efficiency (mean distance)
and equity (Gini’s mean absolute difference of distances), and we also compared the
solutions obtained from pure ex ante and ex post approaches.

A future research direction concerns the replacement of the allocation subproblem
with a representation of the behavior of disaster victims when seeking for shelter. In

addition, different alternative approaches for incorporating inequity aversion into opti-
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mization might also deserve investigation. Moreover, our model assumes a risk-neutral
decision maker. An interesting topic of future research is the inclusion of measures
for risk averseness, which is especially appropriate for disaster relief applications. A
suitable way to do that would be to add penalties for the Conditional-Value-at-Risk
(CVaR), or to impose constraints on the CVaR. For an example of the application
of CVaR penalties or CVaR constraints in humanitarian logistics, we refer the reader
to El¢i and Noyan (2018) and Noyan et al. (2017), respectively. We carried out pre-
liminary experiments using CVaR constraints on total excess demand on the one hand
and total capacity expansion on the other hand. Although in these experiments, the
additional constraints did not change the properties of the solutions to a large extent,
the topic deserves a more comprehensive investigation in the future. In particular,
efficient algorithms (both exact and heuristic) should be developed for this extension.

Distributionally-robust optimization is becoming popular as the information re-
quired is in between robust optimization and stochastic programming. This approach
considers an "ambiguity set of all of the possible distributions of the input data
and optimize the objective hedging against the worst-case distribution (Delage and
Ye 2010). This approach has very promising applications in disaster management
problems where the distribution of the input data can be guessed. Our problem
also provides the opportunity to expand based on this approach, especially by the

ambiguous chance constraint concept introduced by Erdogan and Iyengar (2006).



Chapter 5

INEQUITY-AVERSE RELIEF ITEM ROUTING IN
DISASTER RESPONSE

This chapter considers the problem of planning vehicle routes between a depot
and shelter locations and assigning relief supply delivery amounts to the shelters
simultaneously. As the problem concerns the disaster response phase, we assume
that the demand d; for relief supply is known at each shelter ¢ since the number of
victims in each shelter will be known. We are concerned with a single commodity
or a package combining several commodities. We consider the situation that the
prepositioned supply C' in the depot is less than the total demand in shelters. A fleet
of homogeneous vehicles with size of m, each with a capacity of () is based at the
depot. Each shelter has to be visited exactly once. No vehicle visits a set of shelters
whose total delivery amount exceeds (). We assume that the travel times between
the depot and the shelters and among the shelters are known. Routes start from the
depot and collectively visit all the shelters on the post-disaster network. Each vehicle
is assigned to one route. Two objectives are defined for the problem. We minimize
the total travelling time of the vehicles, which is the summation of all routes travelling
time. As an inequity measure, we minimize a measure defined based on the Gini’s
absolute differences of the unsatisfied demand rate among the shelters which addresses
both equity and efficacy. This problem is NP-hard as it is a natural generalization
of the TSP. In the next section, we introduce the mathematical formulations for the

problem.

5.1 Problem definition and mathematical modeling
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Table 5.1: Parameters

Parameter | Definition

Q Vehicles capacity

d; Demand for relief supplies at shelter node 7

Lij Time it takes to travel between nodes 7 and j

C Total amount of available relief supply

v Maximum delivery time (time when the last supply is delivered)

The problem can be defined on a directed graph G = (V, A). The node set V =
{0,...,n,n+ 1} contains the depot that is represented by both node 0 and node n + 1
and n shelters. All shelters require a delivery of relief supply, which are shown by
subset V. = V\{0,n+1}. The arcs set A is equal to {(¢,7)|Vi,j € V, i #n+1, j #0}
with travel times ¢; ; for each arc which are calculated according to the shortest path
between ¢ and 7 in the post disaster road network. The travel time symmetry is not
ensured which means ¢; ; is not necessarily equal to ¢;;. For i = 1,...,n, shelter 7 has a
known integer demand d; with 0 < d; < ). The amount of prepositioned relief supply
at the depot is shown by C'. There are m available vehicles at the depot. Table 5.1
shows the notation for the input parameters of the model. In this section, we present
the formulations of the problem based on the mathematical model for the capacitated
vehicle routing problem (CVRP).

The model presented here is adapted from the two-index formulation for CVRP.
This formulation is easy to understand, implement and adapt to extra assumptions.
We refer to this formulation as the 27 model later in this work. The decision variables

are as defined in Table 5.2.

min Z ti,jxi,j (51)

(i,5)€A

min D - T (5.2)
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Table 5.2: Decision Variables

Notation Description Variable type
T j 1, if the vehicle directly travels from node ¢ to node ;7 Binary
v; The delivery amount of relief supply to node ¢ Non-negative
Wy The amount of vehicle load when reaching node ¢ Non-negative
U; The time that the vehicle visits node ¢ Non-negative
s.t.
n+1
Y =1, Viel, (5.3)
j=Lj

n+1

ixj’i = ZLE,’J, 1€ ‘/c (54)
7=0 j=1

Z Zo,; = M, (55)
j=1

Z Tinp1 = M, (5.6)
i=1

v; < d;, VieV, (5.7)
ivi < C, VieV, (5.8)
=1

wj > ug+ti;+ (1 —m;)My,  Yi,j€A (5.9)
u <W,  VjieV, (5.10)
wj > w; +vj + (1 —x )My, Vi, j€A (5.11)
Wyt1 < Q, (5.12)

aw S {07 1}7 V<Z7j) S Av

The first objective function minimizes the total travelling time of all vehicles. The

second objective function is an inequity measure which will be described in detail in
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Section 5.1.1. Constraint (5.3) enforces each shelter location to be visited only once.
Constraint (5.4) keeps the balance between incoming and outgoing flow to each node.
Each vehicle assigned to one route therefore in total we have m route. A route must
start from the depot (node 0) and end at the depot (node n+1), this is ensured by
Constraints (5.5) and (5.6). Delivery amounts to each shelter should be less than the
shelter’s demand, which is implied by Constraint (5.7). The total delivered amount of
shelters is restricted by total available supply C' in the Constraint (5.8). Constraint
(5.9) calculates the arrival time to shelter locations and act as subtour elimination
constraint as well. M; is a big number equal to the total demand. Constraint (5.10)
limits the length of a route by ¥. Note that we do not consider the time of the
returning trip to the depot in route travelling time calculation therefore, we do not
restrict u, 1 by W. Variable w; and constraint (5.11) are defined to show the amount
of vehicle load when visiting node 4, where M; is equal to N x Zn}zexfg (ti ;). Constraint
(5.12) makes sure that the delivery amounts to shelters in one rou,te respect the vehicle

capacity. We only need to bound w,; by @, since it shows the maximum vehicle

loads among all vehicles according to constraint (5.11).

5.1.1 Equity objective function

Unsatisfied demand is an inevitable part of our problem resulted from the insuffi-
cient supply assumption. Deciding on the amount of relief supply delivered to shelter
locations plays a crucial role to achieve an equitable humanitarian aid distribution.
Therefore, We dedicate the first objective function of the problem to minimizing an
equity measure on unsatisfied demand rate. We choose Gini index to build our in-
equity measure. Minimizing the Gini index alone will lead to an equitable solution,
but most probably very inefficient solution. We use inequity-averse aggregation func-
tion (Z) rather than an inequity measure alone as it is described in Gutjahr and
Fischer (2018) and Mostajabdaveh et al. (2019). We define Z = p + A - A where

% % and A is Gini’s mean absolute differ-
i=1

i is the utilitarian measure p =
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|c®) — c®|. Therein c* denotes the cost of individual k. For

||M2

N
ence A = Z
0 <\ <1/2 t:he measure above satisfies the Axioms of an equitable aggregation
function, in particular, it is strictly monotonous (cf. (Karsu and Morton 2015)). In
our study, we assume that the demand of each beneficiary is one unit, and define the
unsatisfied demand for all individual k in shelter i as ¢®) = 1 —y, /d;. Note that this is
always non-negative since the delivery amount to shelter ¢ v; is less than the demand

d;. We calculate the u and A specific to our problem as such.

DZ —1——202
= ﬁZZIdwj—dml,
i

where D is the total demand and is equal to ). d;. We multiply Z by D and adopt
the resulting expression as the equity objective function in our problem.

D-T= Z(di—vi)—kgzz \div; — djvi (5.14)

1eVe i€eVe jeVe

The non-linear term of the objective function can be linearize by a similar approach
we used the end of Section 4.1. Let us define variables L;Lj = mar{0,4;;} and ¢;; =
{0, —¢; ;} where

Lij = div; — djv;,  Vi,5 € Ve.
Using these variables, the second term of the objective function (5.14) can be rewritten

as

A
D (di =) + D DD it

1€V, 1€Ve jEV,
providing the following constraints are added to the model:

by~ iy = divy — djui, Vi€V, (5.15)
ij, ;>0 Vi, jeV.

5.2 Exact solution method

Generally, the models introduced in Section 5.1 can be solved by a MIP solver. We

used Gurobi 8.1 for this purpose. However, it turned out that this solution approach
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cannot solve the medium and large instances which normally occur in practice. There-
fore, we present an exact solution method in this section to solve medium and large
sized instances in a reasonable time.

First, we explain the transformation of our bi-objective model to a single objective
problem by the e constraint method in Section 5.2.1. Section 5.2.2 presents a Set
Partitioned (SP) formulation for the problem. In Section 5.2.3 we develop a column
generation approach which solves the linear relaxation of the SP formulation and
provides a lower bound on the problem. Section 5.2.4 introduce the initial heuristic
approach which generates some feasible solutions to initiate the column generation.
Finally, in Section 5.2.5 we present our Branch and Price algorithm to solve the

problem to the optimality.

5.2.1 Multi-objective approach

To solve our two-objective problem we utilize the e-constraint method which trans-
forms the problem to a single objective optimization problem with an additional
constraint. The objective with higher priority is considered as the main objective
function and the other objective will be bounded by €. Let us assume f;(z) and fa(x)

are the two objectives to minimize and F' be the feasible space of the problem.

min fi(z)
fa(x) <€ (5.16)

reF

The most common approach to calculate the range of € is to individually optimizing
each objective function. Lets assume f™" and fi"" are the optimal values of solving
the problem with individual objective functions fi(z) and fy(x) where X7 and X3
are the corresponding optimal solutions. We define fJ"** = fo(X7), the value of fo(x)
in the optimal solution of the fi(x).

The drawback of the conventional e-constraint method is the lack of efficiency

in its Pareto solutions. An inefficient solution is a solution that one of objective
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functions can be improved without degenerating the other objective functions. There
is no guarantee for the solutions of the conventional e-constraint method to be efficient.
Mavrotas (2009) designed augmented e-constraint method to overcome this drawback.
First, the inequality constraint (5.17) is transformed into an equality by introducing
slack variable s > (0. Then, the main objective function is augmented by adding
the normalized slack variable. The augmented e-constraint method transforms the

problem to

min f1(z) + 7 % 5

fo(z)+s=c¢€ (5.17)

reF

where v is a coefficient between [107%,1073], and 6 is the range of fo(z) values which
is calculated as 0 = fyrax — finin,
To adopt this approach we choose the inequity measure as the main objective
function and convert the maximum tour length minimization into a € constraint. By
maz

increasing € value from f3"" to fi"** we can find the Pareto-front. However, in the

remaining of the section, we will focus on solving the problem with a fix e.

5.2.2  Set partitioning formulation

A route-delivery is defined by a sequence of nodes visited by a vehicle as well as their
delivery quantities which take shelter demands and vehicle capacity into account. In
addition, the length of every route-delivery tour should respect the maximum tour
length impose by W. Let R be the set of all possible route-deliveries starting from
the depot. For a given route-delivery » € R, binary variable y, is 1 if and only if
route-delivery r belongs to the optimal solution, ¢ is the delivery amount to node 1,
indicator a;, takes 1 if node i is visited within route-delivery r. The total tour length
of route-delivery r is shown by t". We define NV, to be the set of nodes that are visited

by route-delivery r. Now we can present the SP formulation of the problem.
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min Z(di—quyr ZZ v+ b M (5.18)

ieVe reRr zGijeVp
s.t.
= (d; x Zq}"yr) — (d; x Zq;"yr) Vi,j €V, (5.19)
reER reR
>ty <e (5.20)
reR
> any, =1, Vi€V, (5.21)
reR

>y <m (5.22)

reR

Y>> gy <cC (5.23)
TER iENr

>0, Vi jeV. (5.24)
yr € 10,1}, VreR, (5.25)

The objective function (5.18) is composed of two parts, the first part is the equity
measure of the delivery amount and the second part is related to the total travelling
time objective that is adopted from the augmented e-constraint method. Constraint
(5.19) is designed to linearize the absolute value term in the objective function. Total
travelling time of vehicles is restricted by € in the constraint (5.20). Each node should
be visited only once, which is insured by Equation (5.21). Constraints (5.22) and
(5.23) limit the number of vehicles and relief item supply, respectively.

In Section (5.2.3) we describe the column generation approach to solve the linear
relaxation of this formulation and then in Section (5.2.5) we introduce the branch

and price algorithm which solves the presented model to the optimality.

5.2.83  Column generation

In order to solve the integer relaxation of the formulation presented in the previous
section, we adopt a Column Generation (CG) approach. Column generation is an it-

erative procedure that instead of solving the problem with a complete set of columns
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(e.g. route-deliveries) starts with a small set of columns and creates columns dy-
namically until the optimality condition meet. At each iteration, CG solves a master
problem that optimizes the objective function under a restricted set of route-deliveries
R. The master problem is referred to as Restricted Master Problem or RMP. RMP
solution provides dual variables to be transferred to the objective function of a sub-
problem. The subproblem (pricing problem) generates new route-delivery, which will
be added to R. Master problem is re-optimized according to updated set R. The
process continues until subproblem cannot find a route-delivery that improves the
RMP objective value.

The RMP corresponds to the integer relaxation of the SP formulation introduced
in Section 5.2.2. Thus RMP is defined by (5.18)-(5.24), where set R is replaced by
R. Note that the upper bound imposed by the integer relaxation of variable y,,
0 <y, <1, is redundant, since (5.21) impose all y, variables to be one at most.

To start CG we need at least one feasible solution for the problem. To this end, we
devise a problem-specific heuristic to construct a set of route-deliveries that constitute
a feasible solution. Once the RMP is solved by a solver with the initial set of columns,
its dual solution is used to define the objective function of the subproblem. The
subproblem aims to find a route with the most negative reduced cost for variable ...
Later, this route is added to RMP as a new column. We again solve the RMP to start
the next iteration. The algorithm continues until subproblem cannot find a route-
delivery with negative reduced cost. The last solution of RMP will be the optimal
solution. We first introduce the subproblem in Section 5.2.3. Next, in Section 5.2.4,
we describe the constructive heuristic that is used to generate the initial solution for

RMP.

Subproblem

The subproblem decides on a single vehicle route that starts from the depot and
collectively visits some nodes considering maximum tour length. Subproblem also

determines the amount of deliveries to the visited nodes by respecting the vehicle
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capacity. The objective function of the subproblem minimizes the reduced cost of y,
variables. Therefore, we calculate the dual of RMP to obtain the reduced cost. Let
us define the dual variables , 7} ;, 7%, 72, 7* and ©° correspond to constraints (5.19),

(5.20), (5.21), (5.22) and (5.23), respectively. The dual of RMP is as follows:

max erm? + Zﬂf +mnt + Cr®

%

s.t.
Z Z (dgq: = dzq;>7rzl7j + trﬂ'z + Z CLirﬂ',?
i iEN,
+ 7+ Z T Z q — —tr Vr e R (5.26)
iENr ’LGNT
D =Tis]p (5.27)
w2t >0 (5.28)

The reduced cost for variable y, can be calculated from constraint (5.26) which is

== > (g —dig))ml; — 7 =Y apm -7t =Y (7 +1)g — %t”.

iEV. jEVe ieVe eV
Now we define the variables needed to formulate the subproblem. Binary variable x; ;
takes one if and only if edge i — j is used by the vehicle. ¢; is the amount of delivery to
the shelter location 7. a; is the binary variable that shows if demand point ¢ is visited
by the vehicle or not. Parameter notations are the same as the ones introduced in

Section 5.1. The mathematical formulation of the subproblem is presented below.

min — Z Z 7 (djq — digj) — Z (72 + %)tz}jmz}j — Zﬁfai -7t - Z(ﬁ'5 + 1)g

i€Ve JeVL (3,9)EE 1eVe eV,
(5.29)
s.t.
>t <V (5.30)

(i,J)eE
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D i =1 (5.31)

i€V,
D Tt = 1 (5.32)
i€Ve
Z Tig — Z =0, VieV, (5.33)
JEVe jEVE
JEVE

Y ;< > a4, VSCV,VkeS (5.35)
(i,5),1€55€8 i€S,i#k
¢ < d;ag, VieV, (5.36)
> <@ (5.37)
i€Ve

z;; €{0,1}, Vi,jeV
a; € {O, 1}, VieV
>0, VieV, (5.38)

Objective function (5.29) is the reduced cost of a route-delivery (column) in RMP.

2 3

79

Note that 7;;,

72, 73, ®1 and 7 are constant values. Constraint (5.30) ensures that
the route length does not exceed the specified maximum tour length. Constraints
(5.32) and (5.31) make sure that the tour starts at the depot and end at the depot.
The balance between incoming and outgoing flow for each shelter is kept by Equality
(5.33). Constraint (5.34) specifies the relation between a; and z; ; variables such that
if node ¢ is not visited in the route then all variables z; ;, Vj € V should be zero.
Subtour elimination is enforced by inequality (5.35) which is adopted from Feillet
et al. (2005) for TSP with profit. The delivery amount of node ¢ should be limited
by its demand d; which imposed by constraint (5.36). Constraint (5.37) restricts the

total delivery amounts in the route by the vehicle capacity.

To solve the subproblem, we use Gurobi 8.0.1 solver implemented in Python 2.7.10.
Our computational test shows that the solver is able to tackle the model for fairly

large instances in a reasonable amount of time.
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5.2.4  Constructive heuristic

The Initiation Heuristic (IH) algorithm aims to provide a number of feasible solutions
for RMP. At first, we fix the delivery amounts, then we employ a Sweep algorithm to
construct m routes that visit all of the shelters with respect to the vehicle capacity.
Sweep heuristic is introduced by (Gillett and Miller 1974) for CVRP. Since these
routes might not yield a feasible solution according to maximum tour length ¥ and
total traveling time e, we employ a Tabu Search heuristic to find a feasible solution

for RMP. The Algorithm 4 demonstrate the overall structure of the TH.

The Sweep algorithm sets the depot location at the center of a polar system and
calculates the polar-coordinate angle for each shelter location. The algorithm starts
with a given starting angle and increases this value until it hits the first node. The
first cluster is built containing only this node. The current angle increased again
until a radius from the depot hit the next shelter location. We check if by adding the
current node to the current cluster the total delivery amount of the cluster exceeds
the vehicle capacity @. If it is possible, we add the current node to the cluster, if not
we create the next cluster. The maximum number of clusters should not exceed m.
The algorithm continues until all nodes assigned to a cluster. If it is not possible to
maintain the total delivery amount for all clusters less than ) with m clusters, we
ignore the vehicle capacity limit for the last cluster. The Algorithm 5 describe the
steps of the Sweep algorithm in details. Note that v(;) is the first element in shelters
set V..

Sweep specifies the shelter that should be visited by one vehicle, however, it would
not determine the sequence of their visits. The vehicle tour length for one cluster
should be less than ¥ and the sum of all routes traveling time should be less than e.
Our best chance to meet these conditions is to find a sequence of nodes that minimize
the route tour length. Therefore, we formulate a Travelling Salesman Problem (TSP)
for each cluster and solve it to find the optimal solution. Assume that the set of
shelter in one cluster is defined as N, which also includes the depot node 0 as the

starting point of the tour. The binary variable z; ;, Vi, 7 € N, i # j indicates if the
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Algorithm 4 Initiation Heuristic

Input: G, ¥, depot location, number of initial solution p

Output: A set of routes-deliveries R.
Fix the delivery amount ¢} for each node i such as ¢} = % X d;.
kK <0
while k£ < p do
Randomly select a starting angle between 0 and 360.
Generate m clusters with Sweep algorithm and the given starting angle.
Optimize the node sequence for each cluster by solving related ITSP model.
Assign ¢ = ¢} Vi € V. and create m new route-deliveries.
Create the set of generated route-deliveries RD.
if " <V, Vre RDand ) _ppt" < ethen
Append RD to R.
k=k+1
else
Use the Tabu search algorithm to make infeasible route-deliveries feasible and create RD'.
if " <V, Vre RD"and ) _pp t" < ethen
Append RD’ to R.

E=k+1
else
E=F+1
end if
end if

if ¥ >= 2 then
¢ =085 x4}, VieV,
E=0
end if
end while

Return R
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Algorithm 5 Sweep Algorithm

Input: Vg, ¢; Vi € Ve, @, m and the starting angle .
Output: Clusters set.
Calculate the polar coordinate angle for every node i in V.
Shift nodes’ angle by a.
Sort V. according to the new angles value.
k+1
Create the empty cluster Cj, and define R, = @ as the remaining capacity of the cluster k.
while V, is not 0 do
Remove node vy from V..
if g, < Ri then
Add vy to C.
Update the remaining capacity of the current cluster Ry = Ry — ¢, o
else if kK = m then

Add v(1) to Ck.

else
k=k+1
Add ’U(l) to Ck
_ o
Rk? - Q q'u(l)‘
end if

Return {C4,Cq,...,Cp }

end while
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vehicle goes directly from node ¢ to 7 in optimal solution or not. We formulate the
mathematical model of this TSP in the following and refer to it as ITSP later on.
ITSP mathematical model

min Z Z tiJ’JTi,j (539>

1€ENc jENC,j#0

s.t.
Z To; =1 (5.40)
1€N,
d wi=1, VieN, (5.41)
JEN:
 xyy=1 VieN, (5.42)
JENC
S wy <ISI-1, VS N\ {0}, (5.43)
1,j€S

x;; €{0,1}, Vi,jeV

The objective function and constraints are the common ones for every TSP problem.
We implement this mathematical model by python 2.7.10 and solve it with IP Gurobi
8.0.1 solver. To decrease the execution time of the IP solver, we add the subtour elim-
ination constraints (5.43) dynamically when they are needed using the lazy callback
option of Gurobi.

Tabu search algorithm We devise a Tabu search heuristic based on TABUROUTE
algorithm introduced in Gendreau et al. (1994) to generate a feasible solution for the
problem given an infeasible solution. Tabu search is an iterative algorithm which
starts with a given solution s and tries to find a better solution by moving to a
neighborhood solution in each iteration. To implement the algorithm we first need
to define a move that can create a new solution based on the current solution. We
define this move as selecting one node to remove from its original route and to reinsert
it into another route. This move can explore a large neighborhood of solutions. In
every iteration, we explore several candidate moves and accept a move that can make

the current solution feasible or improve its objective value. The accepted move is
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Table 5.3: Tabu search parameters

Parameter Description Value

Number of nodes that are selected
for reinsertion in each iteration
Bounds on the number of iterations

[wmina wmax] [27 6]
for which a move is considered tabu
Maximum number consecutive iteration

B 20
with no improvement in objective value

g scaling factor used in infeasible solution objective value 0.1

P1 Number of nearest nodes to node v 51

considered tabu for a certain number of iterations, which means the algorithm will
avoid repeating it in these iterations. The proposed algorithm is described in Al-
gorithm 6. First, we define the notation used in the algorithm’s pseudocode. Table
(5.3) demonstrates the algorithm parameters description, their notation, and assigned

values.

To understand the pseudocode in Algorithm 6, we need to define its components
first. We refer to the solution that has attained the best objective value at every
point in time during the Tabu search algorithm execution as BS. Similarly BF'S is
the solution with the best objective value among feasible solutions. The primal aim
of the Tabu search algorithm is to find a set of solutions that are feasible due to the
maximum tour length and maximum total travelling time. To facilitate achieving this
goal, we evaluate the solutions by their total travelling time. A solution s consist of
at most m route-deliveries. Let r be a route-delivery in set RD, which presents all
route-deliveries belongs to solution s. The objective value for solution s is calculated

as the following.

F(s) = Z t"+v (Z max (0, Zq; - Q))

TERDS 71ch
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+¢ ( Z max(0,t" — ¥) + max(0, Z " — 6)) )

reRD; reRD;

where v and £ are the coefficient of the violated vehicle capacity and the traveling
time. According to our primarily tests we set both of these parameters equal to 1000.
We define C'S to indicate the current solution and C' A as the set of candidate solutions
for C'S of the next iteration. C'A is populated with potential solutions such as PS
that is obtained by a single move (v, rps) from the current solution. Move (vpg, rpg)
presents removing node vpg from its original route in CS and inserting it to the best
position in route rpg. To obtain the best position for the inserted node we solve the
ITPS model by Gurobi 8.0.1. This is also the case for the route that we remove vpg
from. Z(v) is the number of times that node v is reinserted during the algorithm

execution.

5.2.5 Branch and Price

The column generation solves the linear relaxation of the SP formulation, however, we
are interested to find an integer feasible solution of the model. We propose a branch-
and-price (B&P) algorithm which is, a branch-and-bound algorithm that in every node
the lower bound is computed by solving the linear relaxation of the SP formulation
with CG. If CG provides a fractional solution, a branch is made by dividing the
feasible region of integer solutions in a way that the two resulting subspaces exclude
the fractional solution. Then again each of these new problems will be solved by
CG. Under three conditions we do not need to explore a node further, (I) if the CG’s
solution is integer which will provide an upper bound on the problem, (IT) the related
problem is infeasible, (III) The lower bound provided by CG is greater than or equal
to the best upper bound. The algorithm continues to branch until the lower bound
and the upper bound converge to the same number.

The most frequent branching rule used in the literature of vehicle routing problems
is branching on arcs variable in the compact formulation. However, this approach

is not efficient enough to obtain integer solutions rapidly Dayarian et al. (2015).
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Algorithm 6 Tabu search algorithm

Input: Algorithm parameters, initial solution s, Q, W, e.

Output: One or more feasible solution.

BS + s

K+ 0

Z(v) =0,Vv e Ve

while k < Kmqz do
Create set S which contains 7 nodes randomly selected from V..
for vin S do

Find p; nearest nodes to node v

Find the set of routes RI that does not contain v but atleast contain one of its p; nearest nodes.

for route r in RI do

Insert node v in the best position in route r obtained by solving ITSP and build the potential solution

PS.
Calculate F(PS).
if move (v,r) is in tabu list then
if PS is feasible and F(PS) j F(CS) or infeasible and F(PS) | F(BS) then
Add PS to CA set.
end if
else
F(PS) = F(PS) +m2g x Z(vps)
Add PS to CA set.
end if
end for
end for
Find the solution with minimum objective value in CA and call it PS’.
if F(PS') < F(CS) then
CS «+ PS’
if CS is feasible and F(CS) < F(BFS) then
BFS «+ CS
end if
if CS is not feasible and F(CS) < F(BS) then
BS «+ CS
end if
Randomly generate h between wy,in and wmaz-
Keep move (vpg/,7pg/) in tabu list for h iterations.
Z(vps') = Z(vpsr) +1
end if

end while
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Therefore, here we choose to branch on the edges instead of arcs as suggested by
Desaulniers et al. (2015). One of the advantages of this branching scheme is that
integrating the new constraint is rather simple. We calculate z; ; values in the optimal

solution of the RMP such that

.
Lij = E :yTbi,j
T

where b} ; indicates if route-delivery r use arc (4, j) or not. Selection of branching vari-
able can affect B& P conversion speed. Some researchers suggest using an evaluation
procedure to select the branching variable. However, given the size of possibilities for
branching using an evaluation technique before branching can increase the run time
of the algorithm drastically. Therefore, we use a simple heuristic rule by branching
on the variable that has the closest value to 0.5. Our computational result shows the
effectiveness of this approach.

Branching creates two new nodes; one with the implicit constraints x; ; = 0 and
xj; = 0 which we call left node and one with implicit constraint z;; = 1 or z;; = 1
which we refer to as the right node. In the left child node we eliminate the columns
that their corresponding route traverse arc (i, 5) or (j,i) from R. Both (i, j) and (j, 1)
are removed from graph G and suproblem is updated accordingly.

In the right node where at least one vehicle should traverse arc (i, j) or (j,1), we
eliminate all route-delivers from R that visit node i (node j) but do not directly go to
the node j (node 7). To avoid generating routes that do not visit ¢ and j consecutively
during CG, we add the following constraints to the subproblem. Let define £ as the
set of edges should be visited.

vy = aj, Vi,je€E, =0, (5.44)
i+ =ai, Vi j € B, i, #0, (5.45)
ai=a; Vi,je€E, ij#D0. (5.46)

As mentioned before branching eliminates some columns from R and makes it

quite possible that the resulting set cannot provide a feasible solution to the RMP.
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Therefore, we run the IH to find some feasible solutions prior to solving RMP at
each node of the B&P tree. We regard a node in B&P tree as infeasible when its
corresponding graph becomes disconnected as a result of omitting some edges, or the
subproblem cannot find a feasible route-delivery. Infeasibility also arises when edges

in £ make a cycle that does not contain the depot.

Acceleration routine

To accelerate the branch-and-price algorithm, we develop a method that helps to
update the upper bound more frequently. At each node of the B&P tree when the
CG provides a lower bound with a specific column set R““, we build and solve a
MIP model that provides an integer feasible solution to the problem. The model
will choose a subset of route-deliveries from RY“. It ignores the delivery amounts
associated with route-deliveries and instead decides on the amount of deliveries to
each shelter point with respects to the vehicle capacity and total available supply.
We define variable ¢; , as the delivery amount to node 7 in route-delivery r, which is
equal to ¢;y,. The model is presented below.

min Y (di— Y ¢ir) + %Z D uh A+ % (e -y tTyT> (5.47)

i=1 reRCG i=1 j=1 reRCC

s.t.

(5.20) - (5.22), (5.24), (5.25)

g =dix Y i) —(dix Y i) VijeV. (5.48)
reRCCE reRCE

ir < i, Vi€ N,,Vr e R (5.49)
Oir < diyy, Vi € N,,Vr € R°¢ (5.50)
Gir > qi — di(1 —1,), Vi € N,,Vr € R°¢ (5.51)
> ¢ir<Q,  VreRY (5.52)
1EN,

¢ < d;, VieV, (5.53)

Y a<c (5.54)

i€Ve
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wir >0 VieV, Vre RC¢

>0, VieV, (5.55)

The objective function and the constraint (5.48) are exactly defined to serve the same
purpose as the ones in set partitioning formulation in Section 5.2.2. Inequalities
(5.49)-(5.49) are establishing a linear relation between variable ¢; , and two variables
¢; and y,. Constraint (5.52) ensures that the delivery amounts respect the vehicle ca-
pacity. Constraint (5.53) implies that supply delivery quantities should not exceed the
demand of each shelter. Finally, Constraint (5.54) limits the total delivery amounts
by the available supply at the depot. We solve this model with Gurobi 8.0.1 in python
2.7.10. This model can be solved in a reasonable time for the instance sizes we used in
our computational results. The size of columns set R is relatively remain unchanged
during the algorithm execution, which means the model size also remains the same.
We use Gurobi cutoff option to stop the solver earlier when it determines that the
problem’s optimal value will be less than the cutoff parameter. In these cases, this
model cannot provide a better upper bound than the current one. This option will
terminate the run when it determines the optimal objective values will be worse than

the specified value. The cutoff parameter value is fixed to the current upper bound.

5.3 Computational results

In this section, we use two data sets to examine the performance of the proposed
exact solution method. First, both the B&P algorithm and the 21 model are utilized
to solve 45 instances based on the real data of the Van province earthquake with 3
different sizes. We note that the data preparation process was described in Section
3.3. Second, we execute the B&P algorithm on 30 instances from the Karatl case
study with different characteristics that are described in Section 3.2. We also report
the results of solving the 2I formulation (refer to the subsection ??) on the same
instances.

We conduct the computational experiments by Python 2.7.10 on a workstation
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with two 28-core Intel Xeon E5-2690 v4 processors, running at 2.6 GHz with 35
MB cache, 128 GB RAM running under the Windows 10 operating system. All the
mathematical models (e.g. the subproblem, ITSP, and 2I) are solved with the Gurobi
8.0.1 solver. In principle, our problem arises after a disaster when time plays a crucial
role. Solution methods should provide a solution as fast as possible. Therefore, to
have a reasonable run time, we limit the execution time of the B&P algorithm and the
model. Model runtime is restricted by 2 hours for all instances, since the optimality
gap does not improve significantly after 2 hours. On the other hand, we set the B&P
algorithm runtime restriction according to the size of the problem, but always let it
be less than or equal to 2 hours. We define the relative gap between the best-known
solution (UB) and the best lower bound (LB) as

UB—-LB
Gap— U—B X 100

When solving the problem with both the 2I model and B&P, we set the minimum
relative gap equal to 0.01 as another termination criterion. To write the RMP ob-
jective function, we need to find the 6 value for each instance. From Section 5.2.1
recall that the 6 value is calculated such that, we should solve the problem with the
two objectives separately. This way we can calculate the maximum and the minimum
total traveling time of the vehicles. However, in the current context that would be
inapplicable due to long runtimes. Therefore, we resort to solving the linear relax-
ation of these problems by the CG approach. Table 5.4 gives the 6 vales for the Van

instances and Table 5.5 present these values for the Kartal instances.

5.8.1 Computational results on Van earthquake data

This section presents the computational results on 45 instances derived from the Van
province data set. This data set is originally prepared and made available to us
by Noyan et al. (2015) and adapted to our problem in Section 3.3. The instances
are constructed in three categories with three different number of shelters, namely
15, 30 and 60. We also derive instances with tight (T), very tight (VT) vehicle
capacity and restricted tour length (VTL) to see the performance of the proposed
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Table 5.4: The 0 values for the Van instances

Instance name 6 value | Instance name 6 value | Instance name 6 value
Van_15_1 16297.96 Van_30_1 44001.16 Van_60_1 112873.36
Van_15_2 19225.65 Van_30_2 48370.43 Van_60_2 115516.79
Van_15_3 16751.35 Van_30_3 48613.01 Van_60_3 115233.86
Van_15_4 15768.82 Van_304 47592.91 Van_60_4 117027.96
Van_15_5 14030.97 Van_30_5 50639.34 Van_60_5 116225.51
Van_15_6 18707.94 Van_30_6 48138.27 Van_60_6 95417.78
Van_15_7 16426.92 Van_30_7 54011.49 Van_60_7 132076.21
Van_15_8 18318.05 Van_30_8 40663.17 Van_60_8 118666.37
Van_15_9 18377.21 Van_30_9 38255.19 Van_60_9 97276.54
Van_15_10 15197.33 Van_30_10 55978.17 Van_60_10 137120.47
Van_15_11 12574.63 Van_30_11 37224.98 Van_60_11 112299.75
Van_15_12 11486.86 Van_30_12 32508.78 Van_60_12 93084.31
Van_15_13 13057.99 Van_30_13 39019.28 Van_60_13 125643.96
Van_15_14 11614.27 Van_30_14 32438.29 Van_60_14 111880.08
Van_15_15 11428.87 Van_30_15 38920.49 Van_60_15 121827.74
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Table 5.5: The 6 values for the Kartal instances

Instance name 6 value | Instance name 6 value Instance name 0 value

Kartal T_1 15917.71 | Kartal VT_1  15576.81 | Kartal VIL_1 10477.95
Kartal T 2 16620.40 | Kartal VT 2  16470.81 | Kartal VTL_2 12934.80
Kartal T_3 2229795 | Kartal VT3  15904.01 | Kartal VIL_.3 15956.31
Kartal T 4 21138.68 | Kartal VT 4  16292.41 | Kartal VTL 4 14358.75
Kartal T_5 17732.94 | Kartal VT.5 18026.58 | Kartal VIL.5  9136.17
Kartal T_6 17641.63 | Kartal VT 6 14795.14 | Kartal VITL 6 12105.22
Kartal T_7 15482.51 | Kartal VT_7  18484.56 | Kartal VITL_.7  9917.60
Kartal T_8 17851.65 | Kartal VT 8  16004.99 | Kartal VIL.8  9920.64
Kartal T_9 17590.31 | Kartal VT 9 18923.35 | Kartal VIL_9 13141.27
Kartal T_10  21663.87 | Kartal VT_10 19111.35 | Kartal VTL_10 12917.26

method in extreme situations. We explain the parameter values to generate these
instances later in this section. Tables 5.6, 5.7 and 5.8 report the computational
results obtained by implementing both the B&P algorithm and solving the 2I model
on these instances. The naming of the columns is the same for all these tables. The
first column shows the instance name. The first number in the name of an instance
indicates the number of shelters that should be visited by the vehicles. The second
number demonstrates the instance identification number. Note that the number of
available vehicles for instances with 15, 30 and 60 nodes are 3, 5 and 9, respectively.
Column Type indicates the vehicle capacity status where 7" and VT refer to tight
and very tight vehicle capacity, respectively. Instance type VT'L indicates that both
the vehicle capacity and the maximum tour length are very tight. To have a tight
vehicle capacity, we set (3 (see Section 3.3) equal to 0.5. However, for a very tight
vehicle capacity ¢? is set to 0.2. In instances of type VT'L, the maximum tour length
is calculated by (3.1) with ¢! = 1. Note that in other instance types ¢! is equal to 2.
Next four columns in Table 5.6 present the results obtained by solving the 21 model

with the MIP solver. The first two columns, UB and LB, report the best feasible



96 Chapter 5: Inequity-averse relief item routing in disaster response

Table 5.6: Van earthquake case study results on the 15 node-network with 3 vehicles

Instance \ Model \ B&P | UB- LB-
Type
name Gap% Gap%
| uB LB Time  Gap% | UB LB Time  Gap% |

Van_15_1 T | 142638.74 14263129  1.66 0.01 | 142632.70 142632.70  19.243 0.00 0.00 0.00
Van_15_2 T | 143815.65 143809.49  0.28 0.00 | 143810.56 143810.20  14.973 0.00 0.00 0.00
Van_15.3 T | 13949432 13948735  0.27 0.00 | 139488.81 139488.71  18.565 0.00 0.00 0.00
Van_15.4 T | 140654.74 140646.66  0.25 0.01 | 140648.11 140648.11  23.901 0.00 0.00 0.00
Van_15_5 T | 140200.69 140192.37  0.24 0.01 | 140193.99 140193.99  26.007 0.00 0.00 0.00
Van.15.6 VT | 157263.57 152716.96 7200.09  2.98 | 157293.51 157259.93 1809.057  0.02 | -0.02  2.89
Van.15.7 VT | 169210.63 165388.89 7200.09  2.31 | 169682.67 169206.40 1802.637  0.28 | -0.28  2.26
Van.15.8 VT | 155805.12 151188.59 7200.11  3.05 | 156273.73  155802.65 1800.114  0.30 | -0.30  2.96
Van.15.9 VT | 159072.60 155027.04 7200.78  2.61 | 159299.95 159070.10 1803.977  0.14 | -0.14  2.54
Van.15.10 VT | 163207.43 159160.88 7200.76  2.54 | 163742.29 163203.51 1801.161  0.33 | -0.33  2.48
Van.15.11 VTL | 152773.18 148468.38 7200.07  2.90 | 152863.20  152766.60 1804.354  0.06 | -0.06  2.81
Van_15.12 VTL | 168460.02 164469.59 7200.12  2.43 | 168508.41 168450.87 1805.941  0.03 | -0.03  2.36
Van.15.13 VTL | 159873.28 155736.21 7200.06  2.66 | 160063.76 159865.54 1801.799  0.12 | -0.12  2.58
Van_15.14 VTL | 162461.31 158327.78 7200.12  2.61 | 162528.01 162453.60 1805.648  0.05 | -0.04  2.54
Van_15.15 VTL | 160383.73 155922.33 7200.10  2.86 | 160624.27 160373.05 1807.716  0.16 | -0.15  2.78

Average 1.80 010 | -010 175

solution and the lower bound found until the termination. The Column 7%me shows
the execution time of the model. The relative gap between the lower bound and the
upper bound (optimality gap) as defined in the previous section is reported by the
Column Gap. The next four columns under B& P exactly have the same names and
definitions as the ones under Model. Finally, the two last column, UB-Gap and LU-
Gap, represent the gap between upper bound (lower bound) reported by the Model
and the B&P algorithm in percentage.

(19

We use in the columns UB and Gap, where the model can not provide any
value for the upper bound within the 2 hours time limit. Two termination criteria
are applied to the B&P algorithm: (i) maximum execution time of 1800, 3600 and
7200 seconds for instances with size 15, 30 and 60, respectively. (ii) minimum relative
gap of 0.01%. The algorithm run time exceeds the defined limit for some instances,
especially for the ones with 60 shelters. This is because we checked the elapsed
time after completing the CG every two nodes. Solving such big instances is a very

challenging task. The B&P algorithm found a very high-quality solution for the 60-
node instances with an average gap of 0.96 %. On the other hand, the model only
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Table 5.7: Van earthquake case study results on the 30 node-network with 5 vehicles

Instance \ Model \ B&P | UB- LB-
Type
name Gap%  Gap%
| uB LB Time  Cap% | UB LB Time  Cap% |

Van_30_1 T | 145082.99 145076.98  2.13 0.00 | 145079.25 145079.24 2085.37  0.00 0.00 0.00
Van_30_2 T | 156988.08 156979.94  2.65 0.01 | 157179.18 156982.67 3602.19  0.13 | -0.12  0.00
Van_30_3 T | 155593.49 155592.01  7.58 0.00 | 156806.36 155592.41 3612.97  0.77 | -0.77  0.00
Van_30_4 T | 148049.88  148043.38  2.30 0.00 | 148045.14 148045.05 2016.34  0.00 0.00 0.00
Van_30_5 T | 159615.61 159609.39  2.18 0.00 | 160374.52 159610.33 3632.67  0.48 | -0.47  0.00
Van.30.6 VT | 170444.35 166837.14 7201.09  2.16 | 172718.22 170431.67 3732.44  1.32 | -1.32  2.11
Van.30.7 VT | 166735.06 163136.96 7200.96  2.21 | 170684.30 166701.70 3772.04  2.33 | -2.31  2.14
Van.30.8 VT | 157852.62 153696.61 7201.25  2.70 | 160487.86 157771.55 5126.93  1.69 | -1.64  2.58
Van.30.9 VT | 165529.62 161425.11 7201.01  2.54 | 167775.77 165519.72 4789.15  1.34 | -1.34  2.47
Van.30.10 VT | 165752.51 161929.71  7200.85  2.36 | 167981.54 165671.24 3666.55  1.38 | -1.33  2.26
Van30.11 VTL | 160276.36  156403.36  7200.43  2.48 | 162086.85 160249.05 3660.47  1.13 | -1.12  2.40
Van.30.12 VTL | 158186.68 154002.82 7200.95  2.72 | 158834.33 158177.51 3618.58  0.41 | -0.41  2.64
Van.30.13 VTL | 169682.38 166147.20 7201.35  2.13 | 170237.53 169664.16 3619.17  0.34 | -0.33  2.07
Van30.14 VTL | 165362.97 161384.36 7200.95  2.47 | 165820.03 165332.90 3695.43  0.29 | -0.28  2.39
Van.30.15  VTL | 168168.59 164576.73 7201.15  2.18 | 168927.38 168058.47 3633.47 051 | -0.45  2.07

Average 1.60 0.81 -0.79 1.54

Table 5.8: Van earthquake case study results on the 60 node-network with 9 vehicles

Instance ‘ Model ‘ B&P ‘ UB- LB-
Type
name Gap%  Gap%
| uB LB Time  Gap% | UB LB Time  Gap% |
Van_60_1 T 161777.18 161775.41 496.07 0.00 163114.32 161776.61 7334.60 0.82 -0.82 0.00
Van_60_2 T 163284.86 163215.99 7201.17 0.04 164373.52 163216.44 7394.76 0.70 -0.66 0.00
Van_60_3 T 153801.84 153800.90 780.00 0.00 155084.59 153801.40 7230.94 0.83 -0.83 0.00
Van_60_4 T 150207.41 150143.13 7201.58 0.04 151535.42 150143.61 7233.29 0.92 -0.88 0.00
Van_60_5 T 163182.09 163180.30 2779.49 0.00 165267.08 163181.82 7250.13 1.26 -1.26 0.00
Van_60_6 vT 166162.40 163186.39 7201.64 1.82 167447.60 166012.44 7485.71 0.86 -0.77 1.70
Van_60_7 VT 173435.75 170810.29 7202.32 1.54 174645.82 173356.20 8051.47 0.74 -0.69 1.47
Van_60_8 VvT 171395.84 168632.25 7202.60 1.64 172300.76 171231.03 8217.65 0.62 -0.53 1.52
Van_60_9 vT 164363.24 161348.31 7202.31 1.87 165628.38 164188.92 7538.25 0.87 -0.76 1.73
Van_60-10 vT 169090.94 166109.32 7201.60 1.79 170670.75 168873.95 7355.45 1.05 -0.93 1.64
Van_60_11 VTL 171590.45 164652.04 7201.21 4.21 172768.72 171288.48 7530.53 0.86 -0.68 3.87
Van_60_12 VTL 176006.91 168925.13 7202.73 4.19 177432.82 175742.65 7642.61 0.95 -0.80 3.88
Van_60_-13 VTL 173486.65 166606.66 7201.81 4.13 174187.92 173235.27 7618.23 0.55 -0.40 3.83
Van_60-14 VTL 164269.06 157480.16 7201.41 4.31 166405.79 163583.81 7711.60 1.70 -1.28 3.73
Van_60_15 VTL 161385.47 154271.83 7201.08 4.61 163760.60 161061.29 7231.69 1.65 -1.45 4.22

Average 2.01 0.96 -0.85 1.84
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was able to obtain the average gap 2.01 %. For all of the instances, our proposed
algorithm could either verify the optimality of a solution or find a very high-quality
solution with an average gap of 0.62 % within the specified time limit. On the other
hand, the average relative gap of 1.80 % reported by the model indicates the poorer

performance of this solution method.

The negative vales in Column UB-Gap indicates that the model could find a better
upper bound than the B&P algorithm. On average the model could provide a 0.1%,
0.79% and 0.85% better feasible solutions for instances with 15, 30 and 60 nodes,
respectively. On the other hand, the B&P algorithm could find 1.75%, 1.54% and
1.84% better lower bounds on the average for 15, 30 and 60-nodes instances. Although
it is possible that in some instance the model provide slightly better upper bounds,
we cannot solely rely on this approach because of its lower bound poor quality.
Fig. 5.1 demonstrates the reported gap by both the B&P algorithm and the model
for instances of types VT and VTL. The horizontal axis shows instance names and
the vertical axis indicates the optimality gap reported by the two solution methods.
The blue bars display the model results and the red bars show the B&P algorithm
optimality gap. From Figure 5.1 it can be seen that the optimality gap reported
by the model is almost always higher than the one reported by the B&P algorithm.
Especially for the instance type VTL where the model optimality gap has a meaningful
increase. However, the optimality gap for the B&P algorithm has a very insignificant
changes for these instances. It is remarkable that in spite of the shorter run time of
the B&P, the relative gap is always much smaller than the one reported by the model,
especially for large-sized resource-restricted instances. On average, the gap between
the upper bound and the lower bound for the B&P algorithm is 2.9 times smaller

than the model on the instances where the model could provide an upper bound.

In summary, our computational results on the Van data set suggest that the B&P
algorithm is more successful than the 2I model solution approach. It can provide the
optimal solution or a very high-quality solution in a reasonable time. Therefore, the

proposed B&P algorithm is reliable to be utilized for decision making in post-disaster
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Figure 5.1: Optimality gap of the model and the B&P algorithm

situations when both time and solution quality are of the utmost importance.

5.3.2  Computational results on Kartal case study

In this section, we executed the B&P algorithm on the data of the Kartal district of
Istanbul provided by Kiler et al. (2015). We explained the instance preparation in
Section 3.2. Table 5.9 reports the computational results provided by both B&P and
2I model on these instances. The first column indicates the name of the instances.
The second part of the instance’s name demonstrates the instance type which is
differentiated by the vehicle capacity and maximum tour length, namely 7', V'T" and
VTL. The data generation parameters for each instance types are exactly the same
as the ones described in Section 5.3.1. Columns UB, LB, Time, Gap, UB-Gap and
LB-Gap are similar to the ones described for Table 5.6. The maximum execution time
of the model and the B&P algorithm is set to 7200 and 1800 seconds, respectively.
In these instances the average optimality gap obtained by the B&P algorithm is
44 times smaller than the average gap reported by the 21 model. In spite the 4 times
longer runtime of the model. We illustrate the relative gap reported by the model
and the B&P algorithm in Fig. 5.2. Similar to Fig. 5.1, the blue bars shows the
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Table 5.9: Kartal case study results with 13 nodes and 3 vehicles

Instance ‘ Model ‘ B&P ‘ UB- LB-
name Gap%  Gap%
| uB LB Time  Gap% | UB LB Time  Cap% |
Kartal T_1 47263.16 28923.87 7200.13 38.80 47676.85 47218.14 1815.45 0.96 -0.87 38.74
Kartal_T_2 38755.28 33049.74 7200.22 14.72 38755.28 38743.50 1809.54 0.03 0.00 14.70
Kartal T_3 24411.78 19794.44 7200.09 18.91 24418.24 24395.14 1815.43 0.09 -0.03 18.86
Kartal_T_4 16333.38 13151.06 7200.09 19.48 16347.33 16328.53 1806.58 0.12 -0.09 19.46
Kartal_T_5 18006.27 12459.87 7200.12 30.80 18147.25 17988.61 1803.07 0.87 -0.78 30.73
Kartal_T_6 39470.85 21575.86 7200.13 45.34 39768.61 39424.99 1800.87 0.86 -0.75 45.27
Kartal T_7 43238.45 38832.33 7200.07 10.19 43241.28 43218.48 1801.09 0.05 -0.01 10.15
Kartal_T_8 35765.48 26690.86 7200.13 25.37 35977.10 35692.22 1802.74 0.79 -0.59 25.22
Kartal_T_9 46356.92 32503.77 7200.11 29.88 46372.43 46290.82 1812.86 0.18 -0.03 29.78
Kartal T_10 42632.65 35555.06 7200.21 16.60 42665.05 42598.92 1802.68 0.15 -0.08 16.54
Kartal_ VT_1 49932.64 44179.46 7200.17 11.52 50032.87 49875.94 1811.09 0.31 -0.20 11.42
Kartal_-VT_2 58818.11 55067.25 7200.08 6.38 58818.11 58795.20 1802.08 0.04 0.00 6.34
Kartal_VT_3 54608.44 48597.29 7200.29 11.01 54608.44 54583.14 1803.34 0.05 0.00 10.97
Kartal_ VT _4 43067.43 41425.55 7200.22 3.81 43068.35 43058.45 1802.20 0.02 0.00 3.79
Kartal_ VT_5 34623.40 32455.17 7200.06 6.26 34768.27 34566.95 1808.05 0.58 -0.42 6.11
Kartal_-VT_6 36282.64 36032.32 7200.06 0.69 36291.28 36240.94 1801.42 0.14 -0.02 0.58
Kartal_ VT_7 41236.08 36078.52 7200.22 12.51 41267.51 41196.94 1802.58 0.17 -0.08 12.42
Kartal_ VT_8 53961.38 51371.48 7200.13 4.80 53969.35 53931.81 1804.06 0.07 -0.01 4.75
Kartal_-VT_9 37229.77 35395.95 7200.06 4.93 37244.21 37205.31 1800.19 0.10 -0.04 4.86
Kartal_-VT_10 41891.54 37809.15 7200.19 9.75 41892.24 41872.22 1804.26 0.05 0.00 9.70
Kartal _VTL_1 41351.54 37843.04 7200.17 8.48 41450.94 41312.63 1815.37 0.33 -0.24 8.40
Kartal _VTL_2 55877.04 54883.33 7200.13 1.78 55981.68 55777.18 1810.41 0.37 -0.19 1.60
Kartal_VTL_3 55095.25 48208.71 7200.26 12.50 55308.73 55065.80 1807.23 0.44 -0.39 12.45
Kartal _ VTL_4 38853.81 34446.95 7200.19 11.34 38933.67 38839.20 1800.71 0.24 -0.21 11.31
Kartal _VTL_5 27585.52 26935.03 7200.05 2.36 27637.76 27452.47 1814.13 0.67 -0.19 1.88
Kartal_VTL_6 28991.14 27678.14 7200.16 4.53 29047.65 28957.89 1810.10 0.31 -0.19 4.42
Kartal VTL_7 46552.10 43759.39 7200.23 6.00 46568.65 46503.41 1800.47 0.14 -0.04 5.90
Kartal VTL_8 53442.08 49016.82 7200.13 8.28 53467.11 53387.69 1802.20 0.15 -0.05 8.19
Kartal_-VTL_9 44161.17 41935.45 7200.09 5.04 44229.58 44125.09 1815.56 0.24 -0.15 4.96
Kartal _ VTL_10 34859.02 31594.93 7200.08 9.36 34963.44 34849.80 1809.70 0.33 -0.30 9.34

Average 13.05 0.30 -0.20 12.96
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Figure 5.2: Optimality gap of the model and the B&P algorithm

gaps obtained from the model and the red bars shows the ones yielded from the B&P
algorithm.

As can be seen in Fig. 5.2, the B&P algorithm can finds solutions with very small
gaps for almost all of Kartal instances. However, the model’s gap acts unpredictably
due to the vehicle capacity and maximum tour length tightness. Again this computa-

tional results show the superiority of the B&P algorithm over the 2I model solution

method regarding the solution quality and the execution time.

5.4 Conclusion

In this chapter, we studied a problem of distributing relief supplies to a set of shel-
ters for a depot as part of humanitarian relief logistics in disaster response. As the
problem concerns the disaster response phase, we assume that the demand for relief
supply is known at each shelter since the number of individuals in each shelter will be
known. We are concerned with a single commodity or a package combining several
commodities. We consider the situation that the prepositioned supply in the depot
is less than the total demand in shelters in the immediate response to the disaster.
In our setting, a fleet of homogeneous vehicles with specific size each with the same

capacity is based at the depot. Our goal is to minimize both the total traveling time
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of the vehicle and an inequity measure regarding the unsatisfied demand. As the in-
equity measure, we introduced an inequity-averse aggregation function based on the

Gini’s absolute differences of unsatisfied demand rate among the shelters.

We developed two new mathematical formulations for the problem. However,
these mathematical models cannot solve the problem efficiently. The augmented e-
constraint method is adapted to handle these bi-objective models. We show that the
selected model can only obtain the optimal solution for small and less challenging
instances. In addition, a Set Partitioning (SP) formulation is also developed for the
problem. We utilized a column generation approach to solve the linear relaxation of
the SP model to provide a tight lower bound on the problem. A branch-and-price
algorithm is also devised to solve the problem with sizes that would arise in real situ-
ations. We compare our exact solution approach with the model on the Van province
earthquake in Turkey and Kartal district of Istanbul real data sets, amounting to a
total of 75 instances. Our computational results on the Van earthquake data showed
that the B&P algorithm can provide a relative gap equal to or better than the model
in all of the instances. Moreover, in medium and large sized instances, the algorithm
can find very good bounds in spite of the fact that the model fails to obtain an op-
timality gap less than 2% within 2 hours. We executed the B&P algorithm along
with the model again on real data that derived from Kartal district of Istanbul. This
data was genearted using the results of Mostajabdaveh et al. (2019) on the stochastic
shelter location in disaster preparedness on the same data set. Our computational

results on the Kartal data again verify the better performance of the B&P algorithm.

The proposed B&P algorithm can be improved in a few ways. Solving the sub-
problem by a heuristic approach can accelerate the column generation which boosts
the computational power of the algorithm. It is possible to adopt our proposed con-
structive heuristic in Section 5.2.4 to generate columns with negative reduced cost.
However, this change can also prolong CG convergence and requires further investiga-
tion. Moreover, the impact of different branching scheme on algorithm performance

can be the subject of another study.
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The work presented in this chapter can be extended to the cases with multiple
depots and a heterogeneous fleet of vehicles for supply distribution. In addition,
different alternative approaches for incorporating inequity aversion into optimization

might also deserve investigation (see Erbeyoglu and Bilge (2019)).
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CONCLUSION

In this thesis, we studied two problems related to optimization of disaster logistics
operations. We provided efficient solution methodologies specific to the two problems

under consideration.

As our first problem, which is related to disaster preparedness, we introduced a
stochastic shelter location and demand allocation problem for natural disaster prepa-
ration that aims to maximize an objective combining efficiency and equity. To the
best of our knowledge, this study is the first that includes a measure derived from the
Gini index within a stochastic optimization framework to account for fairness (Chap-
ter 4). We represented uncertainty in demand and transportation network damage
by means of a set of scenarios and suggested to obtain the scenarios by generating
the network damage randomly with respect to link-level correlation. We considered
uncertainty in the objective by a combination of ex ante and ex post inequity concepts

from the literature on decision theory.

In the first study, we formulated the problem as a MIP model and showed that it
cannot be solved efficiently by a commercial MIP solver on benchmark instances. We
tested problem with sizes that would arise in real applications. We next developed
a GA for our problem and introduced specialized enhancements in the algorithm by
utilizing a relaxed allocation model in order to improve its performance. We used
the benchmark instances to compare the exact solutions with the GA solutions. Our
results showed that the GA outperforms Cplex in terms of runtime in almost all
instances. Furthermore, the GA obtains either the optimal solutions or solutions that
are very close to optimal ones, with 0.42 percentage optimality gap on the average

over different problem sizes.
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We also executed the GA on real data from the Kartal district of Istanbul pro-
vided by (Kilc1 et al. 2015) expanded with additional parameters. The GA solved
this instance with 20 PNs, 25 CLs, and 2000 scenarios in around 10 minutes in our
computational platform. We analyzed the tradeoff between efficiency (mean distance)
and equity (Gini’s mean absolute difference of distances), and we also compared the

solutions obtained from pure ex ante and ex post approaches.

In the second problem of the thesis, we focus on the fair distribution of relief
supplies to the shelters as part of humanitarian relief logistics in disaster response.
This problem is a bi-criteria multi-vehicle routing problem in which we decide on
delivery amounts as well as vehicle routes. We devised a Gini index based measure
of the unsatisfied demand (assuming that shortage will occur) as the main objective
function. As the second objective, we minimize the total traveling time of all vehicles.
Even the special cases of this problem where just a single objective is assumed are

difficult to solve.

We develop a compact MIP formulations of the problem. However, the medium
and large sized instances cannot be solved with the models. Therefore, a set parti-
tioning formulation was developed for the problem and its linear relaxation was solved
with a column generation procedure to provide a tight lower bound. Furthermore,
we developed a branch-and-price algorithm to solve the problem into optimality in a
reasonable runtime. This algorithm took advantage of problem-specific constructive
heuristics and an acceleration routine. Finally, we tested our approach on two real-
world data sets and compared its performance with the selected model. We used our
results from the first study on the shelter establishment problem on the Kartal data
to generate a case study for this problem. Moreover, we executed the B&P algorithm
on the Van earthquake data and compared the results with the model regarding the
runtime and solution quality. Both Kartal and Van earthquake data are obtained
from the literature and adapted to our problem. The computational results shows
the absolute superiority of the presented approach to the model. On average the opti-

mality gap reported by the B&P algorithm is 44 times smaller than the one reported
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by the MIP model on Kartal data.

Disaster relief operations should provide efficient and equitable services to victim
populations. This thesis offers decision support tools to the humanitarian aid orga-
nizations by considering both service equity and efficiency. The proposed decision-
making framework and an analysis of the mathematical models and the solution
methods can guide the decision-makers on disaster preparedness and disaster response
phases. Especially, they provide a systematic and more effective approach to shelter
location and relief aid distribution decisions and hence, contribute positively to the
relief of disaster victims. Our first problem helps the decision makers to decide on the
shelter location as a disaster preparedness plan. Our results promise fair and efficient
access to the shelter for every individual in the population. By using the proposed
method, aid organizations can inform the population of their assigned shelter loca-
tion in advance of the disaster. This can help to mitigate the possible confusion for

disaster victims in chaotic post-disaster situations.

The second study of the thesis focuses on the equitable distribution of the relief
supplies among the demand nodes. This problem arises immediately in the aftermath
of a disaster when the aid organizations should deliver the aid supplies to a population
distributed over a geographical region. In the post-disaster context, a fast, efficient
and equitable solution with enough level of detail is needed. Our solution to this
problem not only offers a fast delivery, but also ensure an equitable distribution of
the relief supply amount to the disaster victims. The solution approach is designed to
deliver a high-quality solution as fast as possible. Solution quality and solver runtime
are the two most important aspects of the decision making in the immediate disaster

response phase.

On the methodological side, this thesis contributes to the literature by develop-
ing a powerful genetic algorithm for location-allocation problems and an innovative
branch-and-price algorithm to solve routing-delivery problems. The Genetic algo-
rithm can be utilized for any two-stage model, (e.g. Location-allocation models).

The proposed column generation approach and the branch-and-price algorithm can
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be used directly to solve single-period inventory-routing problems. These methods
are particularly designed to decide on routing and delivery quantity decisions simul-
taneously. However, with some adaptations, they can solve general inventory-routing

problems and vehicle routing with delivery and pick up problems.

As uncertainty is the indispensable component of the disaster relief operations,
it is worthwhile to investigate how to address uncertainty with alternative methods
other than the one presented in this thesis. One powerful tool to model uncertainty
is Robust Optimization and particularly because of the disaster nature Adjustable
Robust Optimization (ARO) can be utilized to cope with the uncertainty. In a disaster
preparedness problem such as the one we address in chapter 4, the decision we took
before the disaster should be revised after some part of the uncertainty reveals itself.
For example, the PNs-CLs allocation can be changed during the recourse action when
the locations of road blockages become available. Hoyos et al. (2015b) survey the
studies with an uncertain component in disaster relief operations. They cannot find
any study that takes advantage of the adaptive methods in disaster management
operations. On the other hand, recently, Yankoglu et al. (2019) explore the ARO and
its applications. They suggest using this approach to deal with the uncertainty in
humanitarian logistics problem. Studies that incorporate adaptive approaches such
as ARO are very scarce and to the best of our knowledge are limited to Ben-Tal et al.
(2011). Using such approaches can make the problem more realistic and should be

followed as a future research direction.

Humanitarian operations, especially in disaster response operations, are involved
with risks. This thesis can be extended by incorporating risk-averseness considerations
into the defined problems. Additionally, the inclusion of the deprivation cost to our
inequality-averse models can be studied in future works. Equity is one of the most
important aspects of social sustainability, however, other aspects of sustainability are
equally important. Recently, some studies focused on the sustainability aspect of
humanitarian operations (see Dubey and Gunasekaran (2016) and Kunz and Gold

(2017)). One interesting extension of this thesis is to include long-term sustainability
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concerns into the first problem.
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