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ABSTRACT 
 

 

Humanitarian logistics management has become a very important issue now a 

day due to increase in different types of disasters in recent years all around the 

world. When disaster strikes proper management of relief network is essential 

as any indulgence might be met with severe penalty like loss of valuable human 

lives. Another important issue is the uncertain nature of disasters as we don’t 

know where disaster will occur or at what magnitude. In case of a disastrous 

event, decision making usually involves selection of proper locations for aid 

distribution centers, distribution of relief goods to different demand nodes, 

proper vehicle management for transportation of relief goods etc. In this thesis 

a multi echelon multi objective logistics model will be developed which will 

attempt to find optimal locations for setting up regional relief distribution 

centers with minimum setup cost and then it will find the optimal quantity of 

goods flow among different nodes and stages of the relief supply chain to 

minimize the relevant distribution cost and while doing that will minimize both 

the unmet demand and amount of unitized relief goods in presence of demand 

and supply uncertainty. Hence the model under consideration spans from 

opening of local distribution facilities, to initial allocation of supplies, to last 

mile distribution of aid, i.e. all three echelons of humanitarian logistics 

network. The model will also seek to optimize the number trips that are needed 

to be made by different types of vehicles for efficient distribution of relief 

goods among different nodes of the network. At the end a case study will be 

incorporated in which an example problem of the model will be solved and 

optimized using metahuristic algorithms to demonstrate the models 

effectiveness. Two suitable algorithms: Firefly Algorithm (FA) and Bat 

Algorithm (BA) have been used for this purpose. Results obtained from both 

algorithms shows Pareto optimality, but Bat Algorithm seemed to be capable of 

solving the model in shorter period of time than Firefly Algorithm for the same 

number of iterations.  
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Chapter 1 

INTRODUCTION 

The operations research community has been investigating the field of humanitarian logistics 

since the 1990s, but recent disasters have brought increased attention to these kinds of 

logistical problems. Disasters are severe events that are characterized by a sudden onset and 

affect a large fraction of the population in the area they appear. They can be natural such as 

earthquakes, tsunamis, floods, tornadoes, hurricanes and pandemics, or anthropogenic such as 

industrial accidents, traffic accidents, terrorist attacks. Much  human  loss  and  unnecessary  

destruction  of infrastructure  can be  avoided  with  more  foresight  and  specific  planning  

as  well  as  a precise execution.  In  a  world  where  resources  are  stretched  to  the  limit  

and  the  question of humanitarian  relief  seems  too  often  to  be  tied  with  economical  

considerations, better  designs  and  operations  are  urgently  needed  to  help  save  

thousands  of  lives and millions of dollars. The  question  is  how  to  respond  to  natural  

disasters  in  the  most  efficient manner  to  minimize  the loss  of  life  and  maximize  the  

efficiency  of  the  rescue operations.  In  case  of  these emergencies various  organizations  

often  face significant problems of transporting large amounts of many different commodities 

including  food,  clothing,  medicine,  medical  supplies,  machinery,  and  personnel from  

different  points  of  origin  to  different  destinations  in  the  disaster  areas.  The   

transportation  of  supplies must  be  done  quickly  and efficiently  to maximize  the  survival  

rate  of  the  affected  population  and  minimize the cost of such operations. 

Hence the  goal  of  this  research  is  to  develop  a  comprehensive  model  that describes  

the integrated  logistics  operations  in  response  to  natural  disasters  at  the operational  

level. The proposed mathematical model integrates three main components. First, attempt to 

find optimal locations for setting up regional relief distribution centers with minimum setup 

cost. Then it will find the optimal quantity of goods flow among different nodes and stages of 

the relief supply chain to minimize the relevant distribution cost. Finally it will minimize 

both the unmet demand and amount of unitized relief goods in presence of demand and 

supply uncertainty.  
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1.1 Rationale of the Study 

Humanitarian logistics is a branch of logistics which specializes in organizing the delivery 

and warehousing of supplies during natural disasters or complex emergencies to the affected 

area and people. Although they have been mostly utilized in commercial supply chain, 

logistics is one of the most important tools now in disaster relief operations. Type and 

quantity of the  resources,  way  of  procurement  and  storage  of  the  supplies,  means 

transportation to the stricken area etc. are  some  important  issues  that  are  connected 

directly to humanitarian logistics. Performance  in  humanitarian  relief  chains  is  very  

difficult  to  measure  because  of  some distinct characteristics that humanitarian operations 

have, such as very unpredictable demand,  difficulty  to  obtain  data  from  operations,  

unpredictable  working  environment, impact of unknown variables, like geography, political 

situation or weather etc. This research attempts to measure and optimize the performance of 

relief network considering the uncertainty that a disastrous event poses.  

A relief supply chain has three echelons or levels where decision making is required: supplier 

level, regional distribution center level and finally at the affected areas. So far very few 

researchers have considered the decision making in all three echelons of humanitarian 

logistics network including both facility location selection and relief distribution in the same 

model. Moreover most of them considered deterministic demand and supply in order to avoid 

the complexity in model formulation and optimization. So, consideration of developing a 

method which will address all these issues in a single model is still an unexplored problem 

and thereby yields the rationale of the proposed thesis. 

Taking all these factors into account, it can be stated that the proposed thesis will be able 

provide us a way to effectively minimize the expense and human suffering that is inflicted 

upon us by natural disasters along with overcoming the limitations that have been discussed 

above and were encountered in previous relevant research works. 

1.2 Objectives of the Study 

The specific objectives of this research are 

 To develop a multi echelon multi objective location and distribution model for 

humanitarian logistics network subjected to demand and supply uncertainty. 



3 

 

 To optimize the developed model to minimizing facility setup cost, distribution 

expenses and human suffering by using appropriate nature inspired evolutionary 

algorithm. 

So in short it can be said that the proposed research will be theoretical in nature and will be 

able to provide the decision maker with powerful insights about managing humanitarian 

logistics network whenever a disastrous event occurs. 

1.3 Outline of the Methodology 

The proposed research methodology is outlined below: 

 At first, the appropriate location for Regional Relief Distribution Facilities (RRDF) 

will be selected by using binary variable.  

 Then the optimal quantity of relief goods that needs to be procured from multiple 

suppliers and sent to the selected RRDF will be determined. 

 After that the optimal quantity of relief goods that needs to be sent from RRDF to the 

Disaster Affected Areas (DAA) will be determined, which will minimize both the 

amount of unutilized relief goods at RRDFs and unsatisfied demand at the DAAs. 

Penalty concept will be used for this minimization process. 

 To deal with the demand and supply uncertainty a scenario based approach will be 

used considering multiple disaster scenarios.  

 The proposed model and methodologies will be illustrated for an example problem. 

 The example problem will be solved using appropriate metaheuristics algorithm. 
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Chapter 2 

LITERATURE REVIEW 

Catastrophic events make us acutely aware of our vulnerabilities to disasters, and force us to 

develop new methodologies to obtain an efficient and successful emergency inventory 

management system. In this chapter a review has been performed on the previous research works 

regarding facility location selection, relief goods distribution and other related issues of 

humanitarian logistics network. After that, different methods that have been used to solve relief 

network problems so far have also been discussed. At the end of the chapter the two algorithms 

used in this thesis for optimization, the Firefly Algorithm (FA) and Bat Algorithm (BA), have 

been reviewed.  

2.1 Review on humanitarian logistics network modeling  

After second world, operation research started to be used extensively for efficient design of all 

sort supply chains and networks. During that time a number of researchers realized that not only 

for designing business supply network, but principals of OR/MS can also be used for designing 

and managing humanitarian logistics network. Cook  and  Stephenson [1] addressed the  need  

for  logistics  management  in  relief  operations  for  the  increasing  refugee population  in  

Somalia.  Knott [2] developed  a  linear  programming  model  for  the  bulk  food transportation  

problem  and  the  efficient  use  of  the  truck  fleet  to  minimize  the transportation  cost  or  to  

maximize  the  amount  of  food  delivered  (single commodity,  single modal  network  flow  

problem).  In  another  article,  Knott developed  a  linear  programming  model  using  expert  

knowledge  for  the  vehicle scheduling of bulk relief of food to a disaster area. Ardekani  and  

Hobeika [3] addressed  the  need  of logistics  management  in  relief  operations  for  an  

earthquake incident . Ray [4] developed  a  single-commodity,  multi-modal  network  flow 

model on a capacitated network over  a multi-period planning horizon to minimize the  sum  of  

all  costs  incurred  during  the  transport  and  storage  of  food  items for relief operation.  

Brown and  Vassiliou [5] developed  a  real-time  decision  support  system  which  uses 

optimization  methods,  simulation,  and  the  decision  maker’s  judgment  for operational  

assignment  of  units  to  tasks  and  for  tactical  allocation  of  units  to  task requirements in 

repairing major damage to public works following a disaster. As for multi-commodity, multi-
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modal  network  flow  problem, Crainic  and  Rousseau [6] developed  an  optimization 

algorithm  based  on  decomposition  and  column  generation  principles  to  minimize the  total  

operating  and  delay  cost  for  multi-commodity,  multi-modal  freight transportation  when  a  

single  organization  controls  both  the  service  network  and  the  transportation  of  goods.  

Guelat et  al. [7] presented  a  multi-commodity, multi-modal  network  assignment  model  for  

the  purpose  of  strategic  planning  to predict  multi-commodity  flows  over  a  multi-modal  

network.  The objective function to be minimized was the sum of total routing cost and total 

transfer costs. 

In recent years the field of emergency management was reviewed by  Kovacs  and  Spens [8]  in  

terms  of  academic  and  practitioner  contributions  for humanitarian  logistics,  preparation,  

immediate  response  and  reconstruction  related studies  and tried to make a further 

understanding of logistical operations in disaster relief . Whereas Altay et al. [9]  examined the 

stages  of  disaster  management  in  terms  of logistics. They stated that public and private 

agencies needed  to coordinate, integrate and manage  the  logistics  appropriately  to  meet  the  

performance  objectives  at  the  various phases  of  the  disaster  relief  life  cycle  (lead-time,  

quality  and  cost).  

As for modeling techniques, Haghani  and  Oh [10] proposed  a  formulation  and  solution  of  a 

multi-commodity,  multi-modal  network  flow  model  for  disaster  relief  operations. Their  

model  could  determine  detailed  routing  and  scheduling  plans  for  multiple transportation  

modes  carrying  various  relief  commodities  from  multiple  supply points  to  demand  points  

in  the  disaster  area. They formulated  the  multi-depot mixed  pickup  and  delivery  vehicle  

routing  problem  with  time  windows  as  a special  network  flow  problem  over  a  time-space  

network.  The objective  was minimizing  the  sum  of  the  vehicular  flow  costs,  commodity  

flow  costs, supply/demand  storage costs  and  inter-modal  transfer  costs  over  all  time  

periods. They  developed  two  heuristic  solution  algorithms;  the  first  was  a  Lagrangian 

relaxation  approach,  and  the  second  was  an  iterative  fix-and-run  process.  Their work is 

one of the few studies that can be implemented at the operational level. 

Barbarosoglu  et  al. [11] focused  on  tactical  and  operational  scheduling of  helicopter  

activities  in  a  disaster  relief  operation.  They  proposed  a  bi-level modeling  framework  to  

address  the  crew  assignment,  routing  and  transportation issues during the initial response 
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phase of disaster management in a static manner. The  top  level  mainly  involves  tactical  

decisions  of  determining  the  helicopter fleet,  pilot  assignments  and  the  total  number  of  

tours  to  be  performed  by  each helicopter  without  explicitly  considering  the  detailed  

routing  of  the  helicopters among  disaster  nodes.  The  base  level  addresses  operational  

decisions  such  as  the vehicle  routing  of  helicopters  from  the  operation  base  to  disaster  

points  in  the emergency area, the load/unload, delivery, transshipment and rescue plans of each 

helicopter  in  each  tour,  and  the  re-fueling  schedule  of  each helicopter  given  the solution of 

the top level.  

Barbarosoglu  and  Arda [12] developed  a  two-stage  stochastic programming  model  for  

transportation  planning  in  disaster  response.  Their  study expanded  on  the  deterministic  

multi-commodity,  multi-modal  network  flow problem  of  Haghani  and  Oh [10] by  including  

uncertainties  in  supply,  route capacities,  and  demand  requirements.  The  authors  designed  8  

earthquake scenarios  to  test  their  approach  on  real-world  problem  instances.  It  is  a  

planning model  that  does  not  deal  with  the  important  details  that  might  be  required  at 

strategic  or  operational  level.  It does not  address  facility  location  problem  or vehicle 

routing problem. 

Ozdamar et  al. [13] addressed  an  emergency  logistics  problem  for distributing multiple 

commodities from a number  of supply  centers to distribution centers  near  the  affected  areas.  

They  formulated  a  multi-period  multi-commodity network  flow  model  to  determine  pickup  

and  delivery  schedules  for  vehicles  as well  as  the  quantities  of  loads  delivered  on  these  

routes,  with  the  objective  of minimizing  the  amount  of  unsatisfied  demand  over  time.  The  

structure  of  the proposed  formulation  enabled  them  to  regenerate  plans  based  on  changing 

demand,  supply  quantities,  and  fleet  size.  They developed an iterative Lagrangian relaxation 

algorithm and a greedy heuristic to solve the problem.  

Yi  and  Ozdamar [14] proposed  a  model  that  integrated  the  supply delivery  with  evacuation  

of  wounded  people  in  disaster  response  activities.  They considered  establishment  of  

temporary  emergency  facilities  in  disaster  area  to serve  the  medical  needs  of  victims  

immediately  after  disaster.  They used the capacity of vehicles to move wounded people as well 

as relief commodities. Their model considered vehicle routing problem in conjunction with 

facility location problem.  The  proposed  model  is  a  mixed  integer  multi-commodity  
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network  flow model  that  treats  vehicles  as  integer  commodity  flows  rather  than  binary 

variables.  That  resulted  in  a  more  compact  formulation  but  post  processing  was needed  to  

extract  detailed  vehicle  routing  and  pick  up  or  delivery  schedule.  They reported  that  post  

processing  algorithm  was  pseudo-polynomial  in  terms  of  the number of vehicles utilized.  

Viswanath and Peeta [15] formulated a multi-commodity maximal covering network design 

problem for identifying critical routes for earthquake response with two objectives, minimize 

total travel time and maximize total population covered, in such a way that the problem is 

formulated as a two-objective integer programming model. 

Zhu et al. [16] proposed a similar problem by means of a multi-commodity and multi-modal 

transportation network flow model. The model sets out to decide the type and amount of 

commodities to be maintained in local reserve depots in order to cope with slight disasters, while 

cooperating with local government for serious disasters. 

A  study  performed  by  Beamon  and  Balcik [17] defined  the  flexibility measures of 

humanitarian relief operations, namely the ability to respond to different type and magnitude of 

disasters, the ability to change the output levels (to achieve a high level of efficiency), the ability 

to change the varieties of products (to achieve a high level of effectiveness) and the flexibility of 

delivery times (to successfully respond to a changing environment).  They  proposed  a  model  

to determine  the  number  and locations  of  distribution  centers  to  be  uses  in  relief 

operations.  They  formulated  the  location finding  problem  as  a  variant  of maximum  

covering  problem  when  the  demand  estimations  are available  for  a  set of likely scenarios. 

Their objective function maximizes the total expected demand covered by the established 

distribution centers.  They also solve for the amount of relief supplies to be stocked at each 

distribution center to meet the demands. Their study  is  one  of  the  first  to solve  location  

finding  problem  in  relief  operation; however,  they  do  not  consider  the  location  problem  

as  part  of  a  supply  chain network.  Consequently,  they  cannot  consider  the  interactions  

between  optimal transportation  of  relief  items  from  sources  to  the  demand  points  and  

problem  of finding optimal locations for distribution facilities.  

Hentenryck et al. [18] proposed models that divided the distribution process into two phases. 

First, initial supply amounts are allocated in the network, followed by delivery to final recipients. 
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They address the difficulty of treating both the storage problem and the routing problem 

simultaneously by proposing a three-stage algorithm. They decompose the decisions related to 

storage, customer allocation and routing, and apply mixed integer programming, constraint 

programming and large neighborhood search respectively. 

Nolz et al. [19] developed a multi-objective model for water delivery system in the disaster 

struck areas. They also developed a metaheuristic search technique based on evolutionary search 

concept to solve their multi objective covering problem. The model optimizes the physical 

location of the portable relief water reservoirs and selection of route that should be taken to get 

there at minimum time. 

Taskin and Lodree [20] explored a stochastic inventory problem for manufacturing  and retail 

firms who faced  challenging procurement and production decisions in which predictions 

associated with the ensuing hurricane  season  demand  distribution  evolved  according  to  a  

Markov  chain.  Basically, they presented a control policy in which stocking decisions were 

based on a multi-period stochastic programming  inventory  control  problem  and  a  hurricane  

forecast  model  that predicted  the  number  of  landfall  hurricanes  for  an  ensuing  hurricane  

season.   

Vitoriano et al. and Vitoriano et al. [21, 22] on the other hand, have chosen to model uncertainty 

concerning the extent of detrimental effects caused to infrastructure via reliability analysis. 

Reliability is defined as the probability of executing an activity with success. This interpretation 

of reliability is translated to the proposed goal programming models by means of a measure 

stating the probability of being able to cross all arcs included in the applied solution. The aspect 

of security is considered in a similar manner by assigning each arc with a probability of vehicle 

ransack at crossing. This probability is used to calculate a global measure stating the probability 

of not being ransacked throughout the entire distribution process. These two attributes are 

included in separate goal constraints in which deviation from a given target is calculated, 

deviations which are to be minimized in the objective function.  

Mete and Zabinsky [23] developed a stochastic programming model for the storage and 

distribution of medical supplies during the disasters while  capturing the disaster specific 

information and possible effect of disasters through the use of disaster scenarios.  With  this  
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methodology,  they  stated  that  balancing  the  risk  and  preparedness was possible in spite of 

the stochasticities associated with the disasters. They applied the model for possible earthquake 

scenarios in Seattle, Washington, USA. 

Rawls and Turnquist [24, 25] proposed a model for immediate post-disaster response under 

uncertainty in physical damage caused by the disaster. Here they included pre-disaster first stage 

decisions of locating and stocking warehouses which can be damaged by the disaster. In the 

second stage, routes are constructed after obtaining information about demand and remaining 

supply. Demand, transportation network and surviving stock of various commodities after an 

event are all subject to uncertainty. In a similar manner, Rawls and Turnquist [17] treat demand 

and infrastructure as stochastic elements, yet omitting potential deterioration of pre-positioned 

supply.  

Lin et al [26] developed a multi-item, multi-period mixed integer programming model that used 

split delivery system to transport relief commodity to the disaster affected areas. Two heuristic 

approaches are introduced to solve the developed model. First approach is based on a genetic 

algorithm, while the second approach is developed by decomposing the original problem.  

Besides these, for facility location and supply chain design, Akkihal [27] considered a battery of 

mixed-integer linear programs for locating warehouses for non-consumable inventories required 

for the initial deployment of aid after a disaster occurrence. Doerner et al. [28, 29] provided a 

multi-criteria programming model for locating public facilities as schools in areas close to the 

coast, taking into account risks of inundation by tsunamis. It performs a comparison between two 

solution approaches: a genetic algorithm and a decomposition technique. Hale and Moberg [30]  

considered a set cover location model for establishing an efficient network of secure storage 

facilities that can effectively support multiple supply chain facilities. Van Wassenhove [31] 

showed the complexities of managing supply chains in humanitarian settings and outlines 

strategies for better preparedness. Nagurney et al. [32] stated a variational inequality problem for 

designing a supply chain network for critical needs, minimizing the total cost and considering 

demand uncertainty. Eiselt and Marianov [33] proposed a binary linear programming model for 

locating or strengthening cell phone towers in order to maximize service coverage and minimize 

the loss of communications in case a natural disaster occurs. 
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As for distribution, Tzeng et al. [34] used fuzzy multi-objective linear programming  techniques 

to approach a multi-period aid distribution problem minimizing total cost and total travel time 

and maximizing minimal satisfaction during the planning period. Campbell et al. [35] introduced 

and analyze two alternative objective functions for the traveling salesman problem and the 

vehicle routing problem, considering arrival times to destinations, in order to suit the 

humanitarian nature of the distribution. The new problems are solved with an insertion and local 

search based heuristic approach. Gibbons and Samaddar [36] developed a simulation model for a 

problem of distribution of vaccines in a pandemic situation and in a context of strong 

randomness.  Charles [37] stated a global multilevel facility location and distribution model. This 

mixed integer programming model includes international suppliers, potential warehouses, 

affected areas and two types of means of transportation: boats and planes. Rottkemper et al. [38] 

proposed a bi-objective mixed-integer programming model for integrated relocation and 

distribution planning of relief items to the affected regions in the aftermath of a disaster. Other 

papers like [5, 8, 19, 26, 39-60] were also studied while constructing the model. 

2.2 Review on Solution Techniques 

Operations research approaches used in natural disasters management can be of various types. 

Mathematical programming, heuristic methods, probability theory and statistics, and simulations 

are some of them. Mathematical programming is entirely applied for problem formulation, such 

as mixed or pure integer programming, linear or non-linear programming, stochastic 

programming, etc.  

Among the reviewed literatures, a variety of solution approaches, either exact or heuristic 

method, have been proposed to solve optimization problems in this emergency logistics field. 

Exact methods guarantee that the optimal solution is found if the method is given sufficiently 

time and space whereas heuristics are solution methods that typically relatively quickly can find 

a feasible solution with reasonable quality [61]. The review found that those papers with 

stochastic model mainly used heuristic methods rather than the exact ones while deterministic 

models commonly solved by both of them. Several details are discussed below. 

Stochastic programming models, in general, are difficult to solve by the classical algorithm 

methods compared with deterministic problems. Thus, a variety of heuristic approach is mainly 
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found to solve them, such as shortest-path algorithm [62], Lagrangian L-shaped method [23], 

sample average approximation method [37] fuzzy logic and spreadsheet modeling [63] etc. Song 

et al. [59] formulated the transit evacuation operations as a location-routing problem with 

uncertain demands based on shortest path algorithm. The hybrid genetic algorithms, artificial 

neural network and hill climbing heuristic algorithms have been proposed for solving problems. 

Kristianto et al. [64] used the fuzzy shortest path algorithm to convert the shortest path problem 

with time windows and capacity constraint to the original shortest path problem, and thus the 

problem is easier to solve. 

Not so many stochastic problems found to use the exact method such as branch and bound 

algorithm [65]. Bozorgi-Amiri et al. [66] gave recommendations to apply meta-heuristics for 

stochastic optimization programming in their future research work. Branch-and-cut is also found 

to solve  pickup and delivery problems by Wohlgemuth et al. [67] and Irohara et al. [68].  

As for deterministic problems, exact methods or heuristics are most commonly used. The branch 

and bound algorithm was used by Gkonis et al. [69] to solve linear mixed integer programming 

with oil spill response problem. Similarly, Sebbah et al. [70] presented this exact method to 

maximize the utility function of the relief plans of military logistics planning in humanitarian 

relief operations.  Jia et al. [60] applied and evaluated three heuristic algorithms to solve 

maximal covering problem which are genetic algorithm, locate-allocate and Lagrangian 

relaxation. Lagrangian relaxation was also found in Ozdamar et al. [13] to compute linear and 

integer multi-period multi-commodity network flow problem. Yi and Ozdamar [14] gave 

suggestions on how  to select the most appropriate heuristic to solve  different location problem 

instances. Metaheuristics like  ant colony optimization was applied to solve the relief distribution 

problem [71] and the path selection model [72] . The fuzzy clustering method was proposed by 

Sheu et al. [45] to formulate grouped affected areas and to associate the respective distribution 

priority with them. The computational procedures embed the fundamentals of the fuzzy 

clustering and multi-objective optimization models are needed to search for the optimal 

solutions. Hamedi et al. [73] addressed the genetic algorithm based heuristic to solve a problem 

of the humanitarian response planning for a fleet of vehicles with reliability considerations.  

Moreover, other efficient solution algorithms and heuristics have also been offered in some 

researches to solve NP-hard problems. Ben-Tal et al. [40] proposed an adjustable robust 
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counterpart as a robust optimization associated to linear programming with uncertain parameters 

in humanitarian relief supply chains. Ozdamar and Demir [55] presented hierarchical cluster and 

route procedure to deal with large scale relief networks by using the k-means partitioning 

heuristic. Abounacer et al. [74] and Rath and Gutjahr [56] proposed both exact solution method 

and heuristic as an approximation method. These two papers applied an epsilon-constraint 

method and prove that it generates the exact Pareto front of a complex multi-objective location–

transportation problem. 

Besides these , J.B. Sheu [75] presents a dynamic aid plan to be used after an earthquake for 

several purposes: grouping areas, estimation of affected people at each area, estimation of 

priorities and distribution of aid. Different mathematical techniques are applied, such as fuzzy 

clustering and multi-objective dynamic programming. Adıvar and Mert [76] propose a fuzzy 

linear programming model to design a plan for transporting international aid from donor 

countries to the country in need. Blecken et al. [77] apply both exact and heuristic techniques to 

deal with a warehouse provision and relief aid flow problem minimizing total cost. Berkoune et 

al. [41] develop a genetic algorithm for solving a multi-commodity and multi-depot routing 

problem which aims to minimize the total duration of all trips. Huang et al. [78] propose three 

objective functions for a routing problem concerning cost, speed and equity of the delivery. The 

three resulting problems are solved with different GRASP based metaheuristics and the objective 

function values are compared.  Jin and Eksioglu [79] present an integer programming model for 

determining alternative routes after a disaster in a road network. An algorithm is proposed to 

update the parameters of the simplified linear program and it is tested using a simulated disaster 

scenario. 

2.3 Review on Firefly Algorithm (FA) and Bat Algorithm (BA) 

For solving the model proposed in this thesis, two algorithms were used: Firefly Algorithm (FA) 

and Bat Algorithm (BA). Both algorithms were developed by renowned Cambridge university 

professor Xin-She Yang [80, 81].  To understand the basic principle of FA, several papers were 

reviewed .  

Yang published Firefly Algorithm for the first time in his book Nature-Inspired Metaheuristic 

Algorithms [80] at 2008. There he discussed how Firefly algorithm performs for stochastic test 



13 

 

functions and how it can be used for design optimization. Another paper [82] discussed how 

Firefly Algorithm with Levy Flights performs in case of finding global optimum solution. 

Farahani et al. [83] discussed the formulation and performance of Gaussian Firefly Algorithm.  

Another paper Farahani et al. [84]discussed the formulation and performance of a new 

Multiswarm approach based on firefly algorithm for solving dynamic problems. In the 

engineering design problems, Gandomi et al. [85] and Azad and Azad [86]confirmed that firefly 

algorithm can efficiently solve highly nonlinear, multimodal design problems. Basu and Mahanti 

[87] as well as Chatterjee et al. [88] have applied FA in antenna design optimization and showed 

that FA can outperform artificial bee colony (ABC) algorithm . In addition, Zaman and Matin 

[89] have also found that FA can outperform PSO and obtained global best results. Sayadi et al 

[90] formulated a discrete firefly meta-heuristic with local search for make-span minimization in 

permutation flow shop scheduling problems. Later in 2013 Multi-objective Firefly algorithm was 

introduced for the first time [91]. Another paper [92] discussed the recent advancements in the 

application of Firefly Algorithm.  

Both the standard bat algorithm and its many variants have been being used to solve problems 

diverse natures since 2010. In fact, since the original bat algorithm has been developed [81] , Bat 

algorithms have been applied in almost every area of optimization, classifications, image 

processing, feature selection, scheduling, data mining, logistics and others. Musikapun and 

Pongcharoen [93] solved multi-stage, multi-machine, multi-product scheduling problems using 

bat algorithm and they solved a class of non-deterministic polynomial time (NP) hard problems 

with a detailed parametric study. They used bat algorithm to study hybrid flow shop scheduling 

problems to minimize the makespan and mean flow time. Their results suggested that BA is an 

efficient approach for solving hybrid flow shop scheduling problems. Faritha Banu and 

Chandrasekar [94] used a modified bat algorithm to record duplication as an optimization 

approach and data compression technique. Their study suggests that the modified bat algorithm 

can perform better than genetic programming. Reddy and Manoj [95] presented a study of 

optimal capacitor placement for loss reduction in distribution systems using bat algorithm. It 

combines with fuzzy logic to find optimal capacitor sizes so as to minimize the losses. 

The standard bat algorithm was based on the echolocation or bio-sonar characteristics of 

microbats. Later on [96] Multi-objective Bat Algorithm (MOBA) was developed by using 
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scalarization technique. Another paper of Yang [97] performed a comprehensive review on the 

application of Bat Algorithm. Constrained optimization using bat algorithm was discussed by 

Gandomi  [98]. 

Both of these two algorithms have been discussed in more detail later in chapter 3.  
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Chapter 3 

COMPUTATIONAL OPTIMIZATION PROCEDURES 

 

3.1 Multi-objective Optimization 

 
Many engineering sectors are challenged by multi-objective optimization problems. Even if 

the idea behind these problems is simple and well established, the implementation of any 

procedure to solve them is not a trivial task. The use of evolutionary algorithms to find 

candidate solutions is widespread. Optimizing  a  problem  means  finding  a  set  of  decision  

variables  which  satisfies  constraints and optimizes  simultaneously  a vector function. 

Solving a multi-objective optimization problem is sometimes understood as approximating or 

computing all or a representative set of Pareto optimal solutions. When decision making is 

emphasized, the objective of solving a multi-objective optimization problem is referred to 

supporting a decision maker in finding the most preferred Pareto optimal solution according 

to his/her subjective preferences. The underlying assumption is that one solution to the 

problem must be identified to be implemented in practice. Here, a human decision 

maker (DM) plays an important role. The DM is expected to be an expert in the problem 

domain. 

3.1.1 Outline  

In contrast with single objective optimization, multi-objective problems are much more 

difficult and complex [99,100]. Firstly, no single unique solution is the best; instead, a set of 

non-dominated solutions should be found in order to get a good approximation to the true 

Pareto front. Secondly, even if an algorithm can find solution points on the Pareto front, there 

is no guarantee that multiple Pareto points will distribute along the front uniformly, often 

they do not. Thirdly, algorithms which work well for single objective optimization usually 

cannot directly work for multi-objective problems, unless under special circumstances such 

as combining multi-objectives into a single objective using some weighted sum method. 

Substantial modifications are needed to make algorithms for single objective optimization 

work. In addition to these difficulties, a further challenge is how to generate solutions with 

enough diversity so that new solutions can sample the search space efficiently. 
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Let’s consider a basic single-objective optimization problem which has been formulated as 

follows:                      

min  f (x) 

                    x ∈  S, 

Where f is a scalar function and S is the (implicit) set of constraints that can be defined as 

 S = {x ∈  R
m
 : h(x) = 0, g(x) ≥ 0}. 

Multi-objective optimization can be described in mathematical terms as follows: 

          min [ f1(x), f2(x), . . . , fn(x)] x ∈  S, 

Where n > 1 and S is the set of constraints defined above. The space in which the objective 

vector belongs is called the objective space, and the image of the feasible set under F is 

called the attained set. Such a set will be denoted in the following with 

         C = {y ∈  R
n
 : y = f (x), x ∈  S}. 

The scalar concept of “optimality” does not apply directly in the multi-objective setting. Here 

the notion of Pareto optimality has to be introduced. Essentially, a vector x
*
 ∈  S is said to be 

Pareto optimal for a multi-objective problem if all other vectors x ∈  S have a higher value for 

at least one of the objective functions fi, with i = 1, . . . , n, or have the same value for all the 

objective functions. Formally speaking, we have the following definitions: 

• A point x
*
 is said to be a weak Pareto optimum or a weak efficient solution for the multi-

objective problem if and only if there is no x ∈  S such that fi(x) < fi(x
*
) for all i ∈  {1, . . . , 

n}.  

• A point x
*
 is said to be a strict Pareto optimum or a strict efficient solution for the multi-

objective problem if and only if there is no x ∈  S such that fi(x) ≤ fi(x
*
) for all i ∈  {1, . . . , 

n}, with at least one strict inequality.  

We can also speak of locally Pareto-optimal points, for which the definition is the same as 

above, except that we restrict attention to a feasible neighborhood of x
*
. In other words, if 

B(x
*
, ε) is a ball of radius ε > 0 around point x

*
, we require that for some ε > 0, there is no x ∈  S ∩B(x

*
, ε) such that fi(x) ≤ fi(x

*
) for all i ∈  {1, ... , n}, with at least one strict inequality.  
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Fig. 3.1.1 Example of a Pareto curve 

The image of the efficient set, i.e., the image of all the efficient solutions, is called Pareto 

front or Pareto curve or surface. The shape of the Pareto surface indicates the nature of the 

trade-off between the different objective functions.  

An example of a Pareto curve is reported in Fig. 2.1, where all the points between ( f2(xˆ), 

f1(xˆ)) and ( f2(x˜), f1(x˜)) define the Pareto front. These points are called non-inferior or non-

dominated points.  

3.1.2 Methods to Solve Multi-objective Problems 

Pareto curves cannot be computed efficiently in many cases. Even if it is theoretically 

possible to find all these points exactly, they are often of exponential size; a straightforward 

reduction from the knapsack problem shows that they are NP-hard to compute. Thus, 

approximation methods for them are frequently used. However, approximation does not 

represent a secondary choice for the decision maker. Indeed, there are many real-life 

problems for which it is quite hard for the decision maker to have all the information to 

correctly and/or completely formulate them; the decision maker tends to learn more as soon 

as some preliminary solutions are available. Therefore, in such situations, having some 

approximated solutions can help, on the one hand, to see if an exact method is really required, 

and, on the other hand, to exploit such a solution to improve the problem formulation . 

Approximating methods can have different goals: representing the solution set when the latter 

is numerically available (for convex multi-objective problems); approximating the solution 

set when some but not all the Pareto curve is numerically available (see non-linear multi-

objective problems); approximating the solution set when the whole efficient set is not 

numerically available (for discrete multi-objective problems). 
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There are several multi-objective optimization approaches, like – 

 The Scalarization Technique 

 ε-constraints Method 

 Goal Programming 

 Multi-level Programming etc. 

In this thesis ,for both Firefly Algorithm and Bat Algorithm ‘Scalarization’ or ‘Weighted 

Sum’ technique has been used to solve multi-objective logistics problem. Hence, this method 

is being discussed bellow in details. 

3.1.3 The Scalarization Technique 

A multi-objective problem is often solved by combining its multiple objectives into one 

single-objective scalar function. This approach is in general known as the weighted-sum or 

scalarization method. In more detail, the weighted-sum method minimizes a positively 

weighted convex sum of the objectives, that is, 
 

                    n 

                   min ∑γi · fi(x) 
                    i=1 

                       n 

                       ∑γi = 1 
                       i=1 
             γi > 0, i = 1, . . . , n 

 
                        x ∈  S, 

 

That represents a new optimization problem with a unique objective function. We denote the 

above minimization problem with Ps(γ). It can be proved that the minimizer of this single 

objective function P(γ) is an efficient solution for the original multi-objective problem, i.e., 

its image belongs to the Pareto curve. In particular, we can say that if the γ weight vector is 

strictly greater than zero (as reported in P(γ)), then the minimizer is a strict Pareto optimum, 

while in the case of at least one γi = 0, i.e., 

 
                    n 

                   min ∑γi · fi(x) 
                    i=1 

                        n 

                        ∑γi = 1  
                        i=1  
               γi ≥ 0, i = 1, . . . , n 

 
                        x ∈  S, 

 
It is a weak Pareto optimum. Let us denote the latter problem with Pw(γ). 
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There is not an a-priori correspondence between a weight vector and a solution vector; it is 

up to the decision maker to choose appropriate weights, noting that weighting coefficients do 

not necessarily correspond directly to the relative importance of the objective functions. 

Furthermore, as we noted before, besides the fact that the decision maker cannot be aware of 

which weights are the most appropriate to retrieve a satisfactorily solution, he/she does not 

know in general how to change weights to consistently change the solution. This means also 

that it is not easy to develop heuristic algorithms that, starting from certain weights, are able 

to define iteratively weight vectors to reach a certain portion of the Pareto curve. 

Since setting a weight vector conducts to only one point on the Pareto curve, per-forming 

several optimizations with different weight values can produce a considerable computational 

burden; therefore, the decision maker needs to choose which different weight combinations 

have to be considered to reproduce a representative part of the Pareto front. Besides this 

possibly huge computation time, the scalarization method has two technical shortcomings, as 

explained in the following. 

• The relationship between the objective function weights and the Pareto curve is such that a 

uniform spread of weight parameters, in general, does not produce a uniform spread of 

points on the Pareto curve. What can be observed about this fact is that all the points are 

grouped in certain parts of the Pareto front, while some (possibly significant) portions of 

the trade-off curve have not been produced. 

Non-convex parts of the Pareto set cannot be reached by minimizing convex combinations 

of the objective functions. An example can be made showing a geometrical interpretation 

of the weighted-sum method in two dimensions, i.e., when n = 2. In the two dimensional 

space the objective function is a line  

            y = γ1 · f1(x) + γ2 · f2(x), 
 

The minimization of γ · f (x) in the weight-sum approach can be interpreted as the attempt 

to find the y value for which, starting from the origin point, the line with slope – y1/y2  is 

tangent to the region C. Obviously, changing the weight parameters leads to possibly 

different touching points of the line to the feasible region. 
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Fig. 3.1.2: Geometrical representation of the weight-sum approach in the non-convex Pareto 

curve case 

.  
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3.2 Firefly Algorithm 

 
One of the most recent population based optimization algorithms is the Firefly Algorithm 

(FA) [80,82]. FA is a bio-inspired metaheuristic based on the flashing behavior and the 

phenomenon of bioluminescent communication of tropical fireflies. There are about two 

thousand firefly species, and most fireflies produce short and rhythmic flashes. The pattern of 

flashes is often unique for a particular species. However, the flashing light intensity decreases 

as the distance increases, this phenomenon inspired Yang to develop the basic FA. Since its 

appearance, the firefly algorithm has shown its promising effectiveness for various 

optimization problems [101]. 

 

3.2.1 Basic Firefly Algorithm 

The social behavior of fireflies is not just dedicated to foraging but more towards 

reproduction [101]. In the core of this behavior, we find the direct communication between 

the fireflies by means of rhythmic flushing light. However, two fundamental functions of a 

firefly’s flashing are to attract mating partners, and to attract potential prey. In addition, 

flashing may also serve as a protective warning mechanism.  

 

The FA is based on these flashing patterns and behavior of fireflies. For simplicity, we can 

idealize these flashing characteristics as the following three rules: 

1. Fireflies are unisex so that one firefly will be attracted to other fireflies regardless of 

their sex. 

2. The attractiveness is proportional to the brightness, and they both decrease as their 

distance increases. Thus for any two flashing fireflies, the less bright one will move 

towards the brighter one. If there is no brighter one than a particular firefly, it will 

move randomly. 

3. The brightness of a firefly is determined by the landscape of the objective function. 

In the firefly algorithm, there are two important issues: the variation of light intensity and 

formulation of the attractiveness. In the simplest case for maximum optimization problems, 

the brightness   of a firefly at a particular location   can be chosen as ∝ f . 

However, the attractiveness  is relative; it should be seen in the eyes of the beholder or 

judged by the other fireflies. The pseudo code of generic Firefly Algorithm can described as 

follows: 
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In the simplest form, the light intensity  varies with the distance r monotonically and 

exponentially as [Yang (2009)] in the Eq.(1) 

                                                   � =  −��2
                                     (1) 

As a firefly’s attractiveness is proportional to the light intensity seen by adjacent fireflies, we 

can now define the variation of attractiveness  with the distance r by Eq. (2) 

                                                    =  −��2
                                       (2) 

Where  is the attractiveness at � = 0. It is worth pointing out that the exponent   �  can be 

replaced by other functions such as  �   when m > 0. The distance � between any two 

fireflies   and  at  and , respectively, is the  Cartesian distance defined in Eq. (3) 

                                     �  = ‖ −   ‖ = √∑  , −   ,�=              (3) 

The movement of a firefly  attracted to another more attractive (brighter) firefly    is 

determined by [Yang and He (2013)] according to Eq.(4) 

Begin 

Define objective function f ( ), =  ,  ,  , … … … � �   ; 

Generate an initial population of fireflies   , where (i= 1,2,…..m) ; 

Formulate light intensity   at   is determined by f ( ) 

Define absorption coefficient  γ 

 While (t < MaxGeneration) 

      for i = 1 : n  do 

         for j = 1 : n  do 

            if ( <   ), then 

               move firefly i towards j in  d-dimension; 

            end if  

            Vary attractiveness with distance r via     ; 

            Evaluate new solutions and update light intensity; 

         end for j 

      end for i 

      Rank fireflies and find the current best; 

  end while 

Post-processing the results and visualization; 

Fig. 3.2.1: Pseudo Code of Generic Firefly Algorithm 



23 

 

                               �+  =      �   +   −��2
 ( � −  �) + �  Ɛ�

         (4) 

Where the second term is due to the attraction, the third term is randomization with  

� being the randomization parameter, and  Ɛ�
 is a vector of random numbers drawn from a 

Gaussian distribution or uniform distribution at time t . If = 0 it becomes a simple random 

walk. On the other hand if absorption coefficient,  = 0, it reduces to a variant of particle 

swarm optimization. Furthermore, the randomization Ɛ�
 can easily be extended to other 

distributions.  

 

3.2.2 Multi-objective Firefly Algorithm 

 
In engineering and industries problem often concerns multiple objectives under multiple 

constraints. These objectives often in conflict each other. Sometimes truly optimal solutions 

do not exist and some compromises and approximations are often needed [91]. Further to this 

complexity, a design problem is subjected to various design constraints, limited by design 

codes or standards, material properties and the optimal utility of available resources and 

costs. Even for global optimization problems with a single objective, if the design functions 

are highly nonlinear, global optimality is not easy to reach. Metaheuristic algorithms are very 

powerful in dealing with this kind of optimization, and there are many review articles and 

textbooks [102-104]. 

 

Moreover, real-world optimization problems always involve some degree of uncertainty or 

noise. For example, in case of designing a supply chain network there might be multiple 

conflicting objectives. In this case, instead of a single solution the result should contain 

multiple feasible solution sets. Consequently, optimal solutions among the robust Pareto set 

can provide good options so that decision-makers or designers can choose to suit their needs. 

Despite these challenges, multi-objective optimization has many powerful algorithms with 

many successful applications. In addition, metaheuristic algorithms start to emerge as a major 

player for multi-objective global optimization, they often mimic the successful characteristics 

in Nature, especially biological systems [80,102], while some algorithms are inspired by the 

beauty of music [104]. Many new algorithms are emerging with many important applications 

[105,106]. 

 

In this thesis, a Multi-objective Firefly Algorithm (MOFA) has been used to solve the multi-

objective logistics problem. (MOFA) has been developed by extending the basic ideas of FA 
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a Multi-objective Firefly Algorithm. Here we used a method which is commonly known as 

‘Weighted Sum Method’ or ‘Scalarization Method’ to develop the multi-objective algorithm.  

A detailed study was carried out by Apostolopoulos and Vlachos [107] which demonstrated 

the possibility to do such. The pseudo code of the algorithm is can shown as bellow 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Begin 

Define objective functions  ( ),   ( )…   ( ) where  =  ,   … … … � �   ; 

Generate an initial population of fireflies   , where (i = 1,2,…..m) ; 

Formulate light intensity   at   is determined by f ( ) 

Define absorption coefficient  γ  

while (t <MaxGeneration) 

  for i, j = 1 : n (all n fireflies) 

  Evaluate their approximations ��  and ��  to the Pareto front 

           if i ≠ j and when all the constraints are satisfied 

  if ��  dominates ��  

          Move firefly i towards j using (4) 

          Generate new ones if the moves do not satisfy all the constraints 

end if 

if no non-dominated solutions can be found 

          Generate K random weights     (k = 1, ... , K ), so that ∑  = 1 

          Find the best solution ∗�  (among all fireflies) to minimize ψ in (5) 

          Random walk around ∗�  using (6) 

      end if 

      Update and pass the non-dominated solutions to next iterations 

  end 

Sort and find the current best approximation to the Pareto front 

Update t ← t + 1 

end while 

Post process results and visualization; 

Fig. 3.2.2: Pseudo Code of Multiobjective Firefly Algorithm (MOFA) 
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The procedure starts with an appropriate definition of objective functions with associated 

nonlinear constraints. We first initialize a population of n fireflies so that they should 

distribute among the search space as uniformly as possible. This can be achieved by using 

sampling techniques via uniform distributions. Once the tolerance or a fixed number of 

iterations is defined, the iterations start with the evaluation of brightness or objective values 

of all the fireflies and compare each pair of fireflies. Then, a random weight vector is 

generated (with the sum equal to 1), so that a combined best solution ∗�  can be obtained. The 

non-dominated solutions are then passed onto the next iteration. At the end of a fixed number 

of iterations, in general n non-dominated solution points can be obtained to approximate the 

true Pareto front. In order to do random walks more efficiently, we can find the current best ∗�  which minimizes a combined objective via the weighted sum 

                                ψ(x) =  ∑   =   , where  ∑   =  =1          (5) 

Here   = �  /K where �  are the random numbers drawn from a uniform distributed Unif 

[0,1]. In order to ensure that ∑   =  =1, a rescaling operation is performed after generating 

K uniformly distributed numbers. It is worth pointing out that the weights  should be 

chosen randomly at each iteration, so that the non-dominated solution can sample diversely 

along the Pareto front. If a firefly is not dominated by others in the sense of Pareto front, the 

firefly moves 

                                               �+  =  ∗�      + �  Ɛ�
                           (6) 

Where ∗�  is the best solution found so far for a given set of random weights. Furthermore, 

the randomness can be reduced as the iterations proceed and this can be achieved in a similar 

manner as that for simulated annealing and other random reduction techniques. Here, we will 

use     

                                                   =   0.9�                                     (7) 

Where  is the initial randomness factor. 

3.2.3 Pareto Optimal Front 

Let, for a minimization problem, a solution vector u =  ,   … … …  �    is said to 

dominate another vector v =  ,   … … …  �   if and only if i  ≤ i , for ∀i ∈ {1,..., n} 

and i ∈ {1, ..., n} : i  < i , . In other words, no component of u is larger than the 

corresponding component of v, and at least one component is smaller. Similarly, we can 

define another dominance relationship =  by 

                                      u = v ⇐⇒ u  v ∨ u = v.                           (8) 
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It is worth pointing out that for maximization problems, the dominance can be defined by 

replacing  with . Therefore, a point ∗  is called a non-dominated solution if no solution 

can be found that dominates it. The Pareto front PF of a multi-objective can be defined as the 

set of non-dominated solutions so that 

                               PF = {s ∈  S|  s′ ∈  S : s′  s}                             (9) 

Where S is the solution set. 

To obtain a good approximation of the Pareto front, a diverse range of solutions can be 

generated using different efficient techniques [40,48].  
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3.3 Bat Algorithm 

Bat algorithm has been developed by Xin-She Yang in 2010 [81]. The algorithm exploits the 

so called echolocation of bats. The original algorithm was to solve single objective problems. 

But it can be extended to solve multi-objective problems with suitable modifications. 

3.3.1 Basic Bat Algorithm   

There are about 1000 different species of bats. Their sizes can vary widely, ranging from the 

tiny bumblebee bat of about 1.5 to 2 grams to the giant bats with wingspan of about 2 m and 

may weigh up to about 1 kg. Most bats uses echolocation to a certain degree; among all the 

species, microbats use echolocation extensively, while megabats do not. Microbats typically 

use a type of sonar, called, echolocation, to detect prey, avoid obstacles, and locate their 

roosting crevices in the dark. They can emit a very loud sound pulse and listen for the echo 

that bounces back from the surrounding objects. Their pulses vary in properties and can be 

correlated with their hunting strategies, depending on the species. Most bats use short, 

frequency-modulated signals to sweep through about an octave, and each pulse lasts a few 

thousandths of a second (up to about 8 to 10 ms) in the frequency range of 25 kHz to 150 

kHz. Typically, microbats can emit about 10 to 20 such sound bursts every second and the 

rate of pulse emission can be sped up to about 200 pulses per second when homing on their 

prey. Since the speed of sound in air is about v = 340 m/s, the wavelength λ of the ultrasonic 

sound bursts with a constant frequency f is given by λ = v/f , which is in the range of 2mm to 

14mm for the typical frequency range from 25kHz to 150 kHz. Interestingly, these 

wavelengths are in the same order of their prey sizes. 

Though in reality microbats can also use time delay between their ears and loudness 

variations to sense three-dimensional surroundings, we are mainly interested in some features 

of the echolocation so that we can some link them with the objective function of an 

optimization problem, which makes it possible to formulate a smart, bat algorithm. Yang [81] 

used three generalized rules for bat algorithms: 

1. All bats use echolocation to sense distance, and they also guess the difference between 

food/prey and background barriers in some magical way.  

2. Bats fly randomly with velocity vi at position xi with a fixed frequency Qmin, varying 

wavelength and loudness A0 to search for prey. They can automatically adjust the 

wavelength λ (or frequency) of their emitted pulses and adjust the rate of pulse 
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emission r ϵ [0; 1], depending on the proximity of their target.  

3. Although the loudness can vary in many ways, we assume that the loudness varies 

from a large (positive) A0 to a minimum constant value Amin.  

The original bat algorithm is illustrated below. In this algorithm bat behavior is captured into 

fitness function of problem to be solved. It consists of the following components: 

                   Initialization (lines 2-4),  

                          Generation of new solutions (lines 6-7),  

                          Local search (lines 8-11),  

                          Generation of a new solution by flying randomly (lines 12-16),  

                Find the current best solution (lines 17- end). 

Initialization of the bat population is performed randomly. Generating the new solutions is 

performed by moving virtual bats according the following equations: 

Qi
(t)

= Qmin + (Qmax - Qmin) U(0; 1);                 (1)   

v
(
i
t+1)

 = v
(
i
t)
 + (xi

(t)
- best) Qi

(t)
 ;                        (2) 

x
(
i
t+1)

 = x
(
i
t)
 + vi

(t)
;                                            (3)       

 
Where Q represents bats emitted sound frequency and U (0;1) is a value from uniform 

distribution. Many researcher proposes to use a random walk with direct exploitation for 

local search that modifies the current best solution according to equation: 

         x
(t)

 = best + ɛ Ai
(t)

(2U(0; 1) - 1);                    (4) 

Where ɛ is the scaling factor, and A
(
i
t)
 the loudness. The local search is launched with the 

proximity depending on the pulse rate ri. The term in line 13 is similar to the simulated 

annealing behavior, where the new solution is accepted with some proximity depending on 

parameter Ai. In line with this, the rate of pulse emission ri increases and the loudness Ai 

decreases. Both characteristics imitate natural bats, where the rate of pulse emission increases 

and the loudness decreases when a bat finds a prey. Mathematically, these characteristics are 

captured with following equations: 

        A
(
i
t+1)

 =  α A(
i
t)
;                                                (5) 

        ri
(t)

 = ri
(0)

[1 - exp(- γɛ )];                                  (6) 

Where α and γ are constants. Actually, the parameter plays a similar role as the cooling factor 

in simulated annealing algorithm that controls the convergence rate of this algorithm. The 

pseudo code of basic bat algorithm can illustrated as follows  
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3.3.2 Multi-objective Bat Algorithm 
 
Multi-objective optimization problems are more complicated than single objective 

optimization as the objectives are conflicting in nature and we have to find and/or 

approximate the optimality fronts for them. Here, for multi-objective problem, the basic bat 

algorithms have been modified to handle multiple objectives by using Weighted Sum method 

[96] . The pseudo code of the resulting Multi-objective algorithm is as follows  

 

 

 
 

Begin 

Define objective function f(x), x = (x1,…., xd)
T
  

Initialize the bat population xi and vi for i = 1…. n  

Define pulse frequency Qi ϵ [Qmin; Qmax]  

Initialize pulse rates ri and the loudness Ai  

While (t < Tmax) // number of iterations  

Generate new solutions by adjusting frequency, and  

Updating velocities and locations/solutions [Eq.(2) to (4)]  

If (rand(0; 1) > ri )  

  Select a solution among the best solutions  

  Generate a local solution around the best solution  

end if  

Generate a new solution by flying randomly  

If (rand(0; 1) < Ai and f(xi) < f(x))  

  Accept the new solutions  

  Increase ri and reduce Ai  

end if  

Rank the bats and find the current best  

  end while  

Post process results and visualization 

Fig. 3.3.1 : Pseudo Code of Basic Bat Algorithm 
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3.3.3 Pareto Optimal Front 

For a minimization problem, a solution vector u =  ,   … … … � �   is said to dominate 

another vector v =  ,   … … … � �   if and only if i  ≤ i , for ∀i ∈ {1, ..., n} and i ∈ {1, 

..., n} : i  < i ,. In other words, no component of u is larger than the corresponding 

component of v, and at least one component is smaller. Similarly, we can define another 

dominance relationship =  by 

                                        u = v ⇐⇒ u  v ∨ u = v.                  (7) 

Begin 

Define objective functions �  ( ),  �  ( )…  �� ( ) where  =  ,   … … … � �    

Generate initial bat population �  (i = 1,2,…..m) and � 
For j = 1 to N (points on Pareto fronts) 

  Generate K random weights   �  (k = 1, ..., K ), so that ∑ � = 1 

   Form a single objective f =∑ �� � 

   While (t  < Max number of iterations) 

        Generate new solutions and update by (2) to (4) 

        If (rand > ��  ) 
            Random walk around a selected best solution 

        end if 

        Generate a new solution by flying randomly 

        if (rand < �� & f ( �) < f ( ∗)) 

             Accept the new solutions, increase �� & reduce �� 
         end if 

         Rank the bats and find the current best ∗ 

    end while 

    Record ∗ as a non-dominated solution 

end 

Post process results and visualization 

Fig. 3.3.2: Pseudo Code of Multi-objective Bat Algorithm 
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It is worth pointing out that for maximization problems, the dominance can be defined by 

replacing  with . Therefore, a point ∗  is called a non-dominated solution if no solution 

can be found that dominates it. 

The Pareto front PF of a multi-objective can be defined as the set of non-dominated solutions 

so that 

                             PF = {s ∈ S|  s′ ∈ S : s′  s}                        (8) 

Where, S is the solution set. To obtain a good approximation of the Pareto front, a diverse 

range of solutions can be generated using different efficient techniques [40,48]. 
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Chapter 4 

MODEL DEVELOPMENT 

Natural disasters such as droughts, earthquakes, hurricanes and floods have proven a global 

challenge due to their unpredictable nature and potential scale of impact represented by 

fatalities and social, environmental and economic havocs. The degree by which a natural 

hazard causes havoc is quite related to the ability of the authority incumbent to cope with the 

given circumstances. 

 

4.1 Problem Identification 

In case of disaster response, efficient planning can reduce both the human suffering and 

economical expenses caused by the disastrous event. As a part of designing an efficient relief 

distribution network first appropriate locations must be selected for setting up regional relief 

distribution centers, considering their setup cost and distance from both the suppliers and the 

affected areas. Then proper amount of goods must be procured from the supplier so that 

demands in the affected areas can be properly met. Next appropriate quantity of goods flow 

to different demand nodes must be determined so that both inventories at distribution centers 

and shortage at affected areas can be minimized. Appropriate vehicle planning is required for 

transportation of relief good among different nodes of the network. Uncertainty in the 

demand and supply of relief goods must also be considered.  So far many researchers have 

address all these issue in different model, but not many tried to integrate them in a single 

model. This thesis, therefore, attempts to develop a model which will address all these issues. 

 

4.2 Problem Definition 

In a real-world context, most of the problem that we face while making management 

decisions are multi-objective in nature. In the field of disaster relief, several objectives might 

appear conflicting. In a situation like this it is not possible to express the problem by a single 

objective function. For example, in disaster relief operation a differentiation between 

monetary and nonmonetary objectives (e.g. costs and human lives) has to be made. If we add 

all the objectives and treat it as a single objective problem then the conflicting objectives will 

render the decision-making process flawed and even more difficult. On the other hand, if we 

treat it as a multi objective problem, then a Pareto set approximation can be generated, 
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enabling the decision makers to choose out of a set of diverse solutions according to their 

preferences. 

Hence in this research work we develop a multi echelon multi-objective logistics network 

model which will address the following issues  

 First, attempts to find optimal locations for setting up regional relief distribution 

centers with minimum setup cost.  

 Appropriate amount of goods must be procured from the supplier so that demands in 

the affected areas can be properly met.  

 Appropriate quantity of goods flow to different demand nodes must be determined so 

that both inventories at distribution centers and shortage at affected areas can be 

minimized.  

 Appropriate number of vehicles of different types required for transportation of relief 

good among different nodes of the network is determined.  

 Addresses the issue of uncertainty in both demand and supply. It has been done by 

using scenario based approach. 

So the model has three objectives –  

 To minimize facility set up cost. 

 To minimize procurement cost and transportation cost. 

 To minimize both inventories at distribution centers and shortage at affected areas. 

From the general supply chain concept we know that if the facility setup cost increases ,the 

distribution cost will decrease due to relative reduction of travelling distance between 

warehouses and demand nodes and vice versa. Again while trying to minimize facility set up 

cost and distribution cost, the inventories at distribution centers and shortage at affected areas 

might increase significantly. This is undesirable because increasing shortage or unmet 

demand means increase in human suffering. So we can see these three objectives are 

conflicting in nature and must be minimized simultaneously. Hence the multi-objective 

problem will generate trade off solutions or Pareto optimal solutions, which will enable the 

decision makers to choose out of a set of diverse solutions according to their preferences. A 

number constraint equations were also developed to ensure the model operates within 

acceptable boundaries.  
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4.3 Assumptions of the study  

Several assumptions were made while building the model, which are as follows: 

1. Penalty for unserved demands at affected areas will be higher than the penalty for 

unutilized commodities at RRDCs.  

2. Penalty cost for same item has been considered equal for all affected area 

3. Occurrence probability of each disaster scenario is independent of each other. 

4. Demand and available supplier capacity will be obtained from historical data. In case 

of absence of historical data reasonable assumptions will be made to estimate those 

values. 

5. Per unit transportation cost from RRDC to AA is higher than per unit transportation 

cost from supplier to RRDC as the post disaster road condition in the affected area 

might worsen due to the impact of catastrophic incident.  

6. All the relief goods will be transported to the demand points in the affected area in a 

single trip to improve responsiveness.  

7. Relief quantity distributed to different affected area (AA) must be integer as the relief 

goods will be dealt as consolidated unit load. Hence fraction or splitting will not be 

allowed. 

8. Facility setup cost is not only dependent on the capacity but also the location of the 

facility as land acquisition cost is different in different locations. 

4.4 Model Development 

Here, first a multi-objective emergency relief shelter planning model for deterministic 

environments has been developed. Then later the model has been extended to form a 

stochastic model, using scenario based approach. Notable that only objective 2 and 3 has 

been converted in the stochastic model because construction of the warehouse facility is 

basically scenario independent. Constraints related to objective 2 and 3 were also changed 

accordingly in the stochastic model. 
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4.4.1 Initial Deterministic model 

 
Objective functions, 

1. Min   �   � �  . �  

2. Min       � � . L  . �  +       � � . L  . � + 

      � � � . �  +       � � . � +      � � . � 

3. Min     � � . � �  +   � � . � � 

Subject to,  

Facility location and budgetary constraints 

�   � �  . �  ≤            

� �  ≤ 1                          ∀  j 

Relief goods flow constraints 

  �  ≤ M � �            ∀  j , n 

  �  ≤ M � �           ∀  j , n 

  �  ≥    �             ∀  j, n 

  �  ≤  d �                   ∀ k , n 

Capacity constraints 

  �  ≤  SC �                                           ∀  i, n 

�    � . Q�  ≤  � WC�  . �               ∀  j 

�   �  . Cap�  ≥  �  � . Q�                ∀  i, j 

�   �  . Cap�  ≥  �  � . Q�                ∀  j, k 

Maximum allowable condition constraints 

     �  +      �    ≤   �               ∀  v 
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�  / �  ≤  � �                                      ∀ k , n 

Equality constraints 

�  =    �  -   �                           ∀ j , n 

�  = �  -    �                                ∀ k , n 

Non-negativity constraints 

� ≥ 0                     ∀ i, j ,n 

�  ≥ 0                    ∀ j , k, n 

�  ≥ 0                     ∀ i, j , v  

�  ≥ 0                    ∀ j , k, v  

�  ≥ 0                   ∀ j , n 

� ≥ 0                   ∀ k, n 

�  = {0,1}                ∀ j , r 

Sets  

i ϵ S → Set of suppliers  

j ϵ DC → Set of Regional Relief Distribution Centers(RRDC)  

k ϵ AA → Set of Affected Areas(AA)  

n ϵ C → Set of relief commodities  

r ϵ W → Set of warehouse capacities � ϵ V → Set of vehicle capacity type  

Parameters  

All volume/capacity parameters are given in cubic meter (� ) and all money amounts are in 

unit of 1000$ 

 = Primary budget for facility set up. 
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� �   = Facility set up cost at location j of capacity r 

� = Transportation cost from supplier i to RRDC j. 

� = Transportation cost from RRDC j to AA k. � � = Procurement cost of relief commodity n. 

� = Cost of renting a single type v vehicle. 

�  = Maximum allowable number of trips type v vehicle.             L  = Vehicle route distance from supplier i to RRDC j. L  = Vehicle route distance from RRDC j to AA k. d � = Estimated demand of relief commodity n at AA k. � �  = Penalty cost for unutilized commodity n at RRDC j. � �= Penalty cost for unserved demand of commodity n at AA k. � � = Maximum allowable shortage to demand ratio for commodity n at AA k. WC�  = Capacity of type r warehouse. SC �  = Available capacity of supplier I for relief commodity n. Q� = Unit volume of relief commodity n. Cap� = Capacity of type v vehicle. 

Decision variables 

� = Amount of commodity n transported from supplier i to RRDC j. 

� = Amount of commodity n transported from RRDC j to AA k. 

� = Number of trips required from type v vehicle for commodity transportation over arc ij. 

� = Number of trips required from type v vehicle for commodity transportation over arc jk. 

� = Amount of unutilized commodity n at RRDC j. 
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� = Amount of unserved demand of commodity n at AA k. 

�  = Binary decision variable. ‘1’ if a warehouse of capacity r is set up at location j, ‘0’ 

otherwise.      

 

4.4.2 Final Stochastic Model 

 
Here the previous deterministic model has been converted to stochastic model by using 

scenario based approach 

 

Objective functions, 

1. Min   �   � �  . �  

2. Min  �  ��� (     � � . L  . ��  +       � � . L  . �� +      � � � . �� +       � � . ��  +      � � . �� ) 

3. Min  �  ��� (   � �� . � �  +   � �� . � � ) 

Subject to,  

Facility location and budgetary constraints 

�   � �  . �  ≤            

� �  ≤ 1                           ∀  j 

Relief goods flow constraints 

  ��  ≤ M � �           ∀  j , n ,  

  ��  ≤ M � �           ∀  j , n ,  

  ��  ≥    ��           ∀  j , n ,  

  ��  ≤  d ��                 ∀ k , n ,  

Capacity constraints 

  ��  ≤  SC ��                                         ∀  i, n ,  



39 

 

�    �� . Q�  ≤  � WC�  . �               ∀  j ,  

�   �� . Cap�  ≥  �  �� . Q�              ∀  i, j ,  

�   ��  . Cap�  ≥  �  �� . Q�              ∀  j, k,  

Maximum allowable condition constraints 

     ��  +      ��    ≤   �            ∀  v ,  

��  / d ��  ≤  � ��                                 ∀ k , n ,  

Equality constraints 

��  =    ��  -    ��                      ∀ j , n ,  

��  = d ��  -    ��                            ∀ k , n ,  

Non-negativity constraints 

�� ≥ 0                    ∀ i, j  n,  

��  ≥ 0                   ∀ j , k, n ,  

��  ≥ 0                   ∀ i, j , v ,  

��  ≥ 0                   ∀ j , k, v ,  

��  ≥ 0                  ∀ j , n,  

�� ≥ 0                  ∀ k, n,  

�  = {0,1}                 ∀ j , r 

Sets  

i ϵ S → Set of suppliers  

j ϵ DC → Set of Regional Relief Distribution Centers(RRDC)  

k ϵ AA → Set of Affected Areas(AA)  

n ϵ C → Set of relief commodities  
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r ϵ W → Set of warehouse capacities 

 ϵ E → Set of scenarios  � ϵ V → Set of vehicle capacity type  

Parameters  

All volume/capacity parameters are given in cubic meter (� ) and all money amounts are in 

unit of 1000$ 

Deterministic parameters 

 = Primary budget for facility set up. � �   = Facility set up cost at location j of capacity r 

� = Transportation cost from supplier i to RRDC j. 

� = Transportation cost from RRDC j to AA k. � � = Procurement cost of relief commodity n. 

� = Cost of renting a single type v vehicle. 

�  = Maximum allowable number of trips type v vehicle.             L  = Vehicle route distance from supplier i to RRDC j. L  = Vehicle route distance from RRDC j to AA k. � �  = Penalty cost for unutilized commodity n at RRDC j. � �= Penalty cost for unserved demand of commodity n at AA k. WC�  = Capacity of type r warehouse. Q� = Unit volume of relief commodity n. Cap� = Capacity of type v vehicle. 

Stochastic parameters ��� = Probability of scenario e. 
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SC �� = Available capacity of supplier I for relief commodity n under scenario e d �� = Estimated demand of relief commodity n at AA k under scenario e. � �� = Maximum allowable shortage to demand ratio for commodity n at AA k under 

scenario e. 

Decision variables 

�� = Amount of commodity n transported from supplier i to RRDC j under scenario e. 

�� = Amount of commodity n transported from RRDC j to AA k under scenario e. 

�� = Number of trips required from type v vehicle for commodity transportation over arc ij 

under scenario e. 

�� = Number of trips required from type v vehicle for commodity transportation over arc jk 

under scenario e. 

�� = Amount of unutilized commodity n at RRDC j under scenario e. 

�� = Amount of unserved demand of commodity n at AA k under scenario e 

�  = Binary decision variable. ‘1’ if a warehouse of capacity r is set up at location j, ‘0’ 

otherwise.      

 

4.5 Model Description 

 
Objective 1 Minimizes facility set up cost, objective 2 minimizes procurement cost and 

transportation cost, while objective 3 minimizes both amount of unused commodities at 

distribution centers and unmet demands at affected areas. There are 7 decision variables in 

the model. 

The model has 12 inequality constraints, 2 equality constraints and 6 non-negativity 

constraints to ensure that its operation stays within necessary bounds and fulfills used defined 

conditions.  
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Constraint 1and 2 are budgetary and location constraints. Constraint 1ensures that the facility 

setup cost stays within initial budgetary limit. Constraint 2 ensures that in a certain location at 

most one facility of a certain capacity can be built.  

Constraint 3 to 6 are goods flow constraints. Constraint 3 ensures that goods flow from a 

certain supplier to a certain DC only exists if that location is selected for building a relief 

distribution facility. Similarly, constraint 4 ensures that goods flow from a certain DC to a 

certain affected area or demand node only exists if that location is selected for building a 

relief distribution facility. Constraint 5 ensures that amount of goods supplied to the affected 

area does not exceed the amount of procured goods from suppliers. Constraint 6 ensures that 

amount of goods supplied to the affected area does not exceed the demands in the affected 

areas, as storing excess goods is not possible in affected areas.  

Constraint 7 to 10 are basically capacity constraints. Constraint 7 and 8 ensures that amount 

of goods procured from supplier does not exceed the capacity limit of the supplier and the 

warehouse respectively.  

Constraint 9 and 10 ensures that the vehicles capacity is larger or equal to the volume of the 

goods transported from supplier to warehouse and warehouse to affected areas respectively.  

Constraint 11 ensures that the number of vehicles used in transportation does not exceed 

available no of vehicles and contraint12 ensures that the ratio between ‘unmet demands’ and 

‘demands’ in certain affected area does not exceed a given limit.  

Constraint 13 and 14 are equity constraints who define the amount of ‘unused commodities’ 

at distribution centers and ‘unmet demands’ at affected areas respectively. Next 6 constraints 

(15 to 20) are non-negativity constraints which ensure the 6 decision variables are non-

negative.  

The final constraint 21 defines the binary nature of the facility location and capacity selection 

variables. 
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Chapter 5 

RESULTS AND DISCUSSIONS 

In this thesis work a multi-echelon humanitarian logistics network has been developed. It’s a 

multi-criteria optimization model which minimizes relevant logistics costs, unserved demand 

or human suffering and unused commodity or wastage. Since all disasters involves a 

noticeable degree of uncertainty, so scenario based approach was used to deal with stochastic 

demand and supplier capacity. To show the effectiveness of the model a numerical problem 

has been developed and later it is solved using Firefly Algorithm (FA) and Bat Algorithm 

(BA). 

5.1 Numerical Example 

In this case the study focuses on developing an effective relief network in the Sherpur District 

of Bangladesh. The model is not completely identical to any specific research work and we 

are considering a problem on perspective of Bangladesh. So the tentative Demand and 

supplier capacity data was collected from local relief authority of the concerned district. 

Notable that proper information management or historical demand records was not available 

to the local relief authority. So these data are kind of based on rough estimation, although 

they are claimed to be pretty close to the real data. Also note that, there  is  no  well  accepted 

methodology for relief demand estimation and  literature Akkihal [27] and Balcik and 

Beamon [17] suggests  using  historical  relief  demand  for  disastrous incidents. Other 

parameter values like capacity of the vehicles used, vehicle rents, procurement cost of relief 

goods, relief goods unit size, penalty cost for shortage or wastage etc were estimated 

according to Tzeng et. al. [34] and Esmaeili and Barzinpour [48]. Tzeng et. al. performed 

their research for a incident in USA, while Esmaeili and Barzinpour performed their research 

for a incident occurred in Iran . So the parameters used in this numerical example have been 

modified according to the socio-economic situation in Bangladesh. Rests of the parameters 

have been ether randomly generated or assumed in Bangladesh context. All the parameter 

values are given in the following pages. 

There are three types of warehouse for setting up Regional Relief Distribution Center 

(RRDC) – small, medium and large 
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Table 5.1: Warehouse capacity 

Sl. No. Warehouse type  Warehouse capacity (in cubic meter ) 

1 Small 1500 

2 Medium 1800 

3 Large 2100 

Five tentative locations has been selected for constructing Regional Relief Distribution 

Center (RRDC) which are  

Table 5.2: Tentative RRDC locations 

RRDC Position no. Tentative location 

1 Upazila complex, Sherpur Sadar  

2 Upazila complex, Sreebardi  

3 Upazila complex, Jhinaigati  

4 Upazila complex, Nalitabari  

5 Upazila complex, Nakla  

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig.5.1: Sherpur District Map 
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Five tentative locations has been selected for setting up distributing relief directly to affected 

population, which are  

Table 5.3: Tentative Affected Area (AA) location 

Affected Area (AA) no. Tentative location 

1 Upazila Health complex, Sherpur Sadar  

2 Upazila Health complex, Sreebardi  

3 Upazila Health complex, Jhinaigati  

4 Upazila Health complex, Nalitabari  

5 Upazila Health complex, Nakla 

There are three types of relief goods – food, water and medicine. Unit size of each good is as 

follows 

Table 5.4: Unit volume of relief goods pallet 

Sl. No. Item type Unit volume of pallet/container in cubic meter 

1 Food 1 

2 Water 1 

3 medicine 0.5 

Procurement cost of per unit relief goods are given bellow.  

Table 5.5: Procurement cost of per unit relief goods 

Sl. No. Item type Procurement cost (in USD) of per unit goods 

1 Food 1000 

2 Water 750 

3 medicine 1200 

Transportation costs from supplier to RRDC and from RRDC to AA have not been 

considered equal. Transportation cost in former case is usually higher than the transportation 

cost in later case as the post disaster transportation facility/ road condition in the affected area 

worsen due to the impact of catastrophic incident.  

Per unit transportation cost from supplier to RRDC for each type of relief goods are as 

follows 
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Table 5.6: Transportation cost from supplier to RRDC  

Item 

type 

Transportation cost from supplier to RRDC  

In USD (per unit per km) 

1 4 

2 4.5 

3 5 

Per unit transportation cost from RRDC to AA for each type of relief goods are as follows 

Table 5.7: Transportation cost from RRDC to AA 

Item type Transportation cost from RRDC to AA 

In USD (per unit per km) 

1 6 

2 6.75 

3 7.5 

There will three disaster scenarios. As natural disasters are usually considered random events, 

hence the probability of occurrence of each scenario has been generated randomly. The 

values obtained are as follows 

Table 5.8: Probability of scenario occurrence 

Scenario Probability of occurrence  

1 0.28 

2 0.04 

3 0.11 

Under each scenario, the demand data for each type of relief goods in each affected areas are 

as follows 

 

 

 

 

 

Table 5.9:  Demand data for Scenario 1 

Item type 

 

Affected 

Area (AA) 

 

1 

 

2 

 

3 

Sherpur Sadar 29 19 14 

Sreebardi 34 23 16 

Jhinaigati 25 17 15 

Nalitabari 41 27 14 

Nakla 32 24 16 
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Under each scenario, the supplier capacity data for each type of relief are as follows 

 

 

 

 

 

 

 

 

 

 

Table 5.11:  Demand data for Scenario 3 

      Item type 

 

Affected  

Area (AA) 

 

1 

 

2 

 

3 

Sherpur Sadar 49 36 27 

Sreebardi 53 38 26 

Jhinaigati 42 28 23 

Nalitabari 53 40 24 

Nakla 36 26 21 

Table 5.10:  Demand data for Scenario 2 

      Item type 

 

Affected  

Area (AA) 

 

1 

 

2 

 

3 

Sherpur Sadar 35 31 26 

Sreebardi 31 22 14 

Jhinaigati 25 23 22 

Nalitabari 38 32 23 

Nakla 28 21 16 

Table 5.12:  Supplier capacity data for Scenario 1 

       Item type 

 

Supplier no. 

 

1 

 

2 

 

3 

1 308 108 95 

2 312 120 105 

3 230 95 85 
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In this problem the initial budget for opening required number RRDCs has been assumed to 

be $600,000. Facility setup costs at different tentative RRDC locations for three different 

capacity types are as follows. In this table all costs are given in terms of $1000. 

 

 

 

 

 

 

 

There are two types of penalty costs here – penalty for unserved demands at affected areas 

and penalty for unutilized commodities at RRDCs. Obviously penalty for the former will be 

higher than the later. Because higher unserved demands can cause higher amount of human 

suffering, where higher unutilized commodities indicates higher wastage of relief goods and 

Table 5.13:  Supplier capacity data for Scenario 2 

       Item type 

 

Supplier no. 

 

1 

 

2 

 

3 

1 325 115 98 

2 326 143 111 

3 242 121 94 

Table 5.14:  Supplier capacity data for Scenario 3 

       Item type 

 

Supplier no. 

 

1 

 

2 

 

3 

1 341 132 109 

2 350 162 106 

3 271 138 76 

           Capacity type 

 

RRDC location 

 

1 

 

2 

 

3 

Sherpur Sadar 92 113 128 

Sreebardi 89 109 123 

Jhinaigati 84 101 116 

Nalitabari 87 104 121 

Nakla 85 103 118 

Table 5.15: Facility setup costs 
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reducing human suffering is always a priority in case of designing an effective relief supply 

chain. Raws  and Turnquist [24,25] kept the unit  unutilized commodities cost equal  to  

procurement  price  of  the  corresponding  commodity and assumed unit  shortage cost or 

cost of unserved demands to be the ten times the  procurement price of the corresponding 

commodity. In this numerical example unit  unutilized commodities cost is considered equal  

to  procurement  price  of  the  corresponding  commodity and unit  shortage cost or cost of 

unserved demands considered to be the five times the  procurement price of the 

corresponding commodity.  For the ease of analysis penalty for same item has been 

considered equal for all affected area.  

Table 5.16:  Penalty for unutilized commodities and unserved demands 

Item type Penalty for unutilized commodities (in USD) 

1 1000 

2 750 

3 1200 

 

 

 

All the distances among different nodes of the network have been collected from Google Map 

using car-route option. If multiple routes were found then shortest one was chosen. Distance 

between different supplier nodes and RRDC nodes are as follows 

Table 5.17: Distance (in km) between different supplier nodes and RRDC nodes 

 

 

 

 

 

 

 

 

 

 

 

 

Distance between different RRDC nodes and affected area or demand nodes are as follows 

 

 

Item type Penalty for unserved demands (in USD) 

1 5000 

2 3750 

3 6000 

           Supplier no. 

 

RRDC location 

 

1 

 

2 

 

3 

1 3 5 16 

2 19 21 6 

3 22 24 19 

4 24 26 35 

5 27 28 2 
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Table 5.18: Distance (in km) between different RRDC nodes and affected areas 

 

 

 

 

 

 

Two types of vehicles are available for transportation. There capacities are as follows 

Table 5.19: Vehicle types and capacities 

Vehicle type Capacity (in cubic meter) 

1 12 

2 18 

Maximum available number of vehicles of these two types is as follows 

Table 5.20: Maximum available number of vehicles 

Vehicle type Maximum available number of vehicles 

1 80 

2 120 

Notable that in this thesis work it has been assumed that each vehicle makes one trip. So, 

here, maximum available number of vehicles will be equivalent to maximum allowable 

number of trips. 

5.2 Result Discussion 

The numerical example has been solved separately by two multi-objective algorithms: Multi-

objective Firefly Algorithm (MOFA) and Multi-objective Bat Algorithm (MOBA). The 

results obtained from both algorithms are discussed bellow. 

 

 

            Demand nodes 

                      (at AA) 

RRDC location 

 

1 

 

2 

 

3 

 

4 

 

5 

1 0.25 17 20 22 24 

2 17 0.5 18 32 40 

3 20 18 0.75 24 38 

4 22 32 24 0.75 22 

5 24 40 38 22 0.5 
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5.2.1 Result obtained using Multi-objective Firefly Algorithm (MOFA) 

Algorithm was coded in MATLAB (v13). Computer where the code was run had a dual core 

processor (1.6 GHz) and 2 GB RAM. Multi-objective Firefly Algorithm (MOBA) parameters 

are as follows 

Generation number = 4000 

Initial firefly population size, n = 40* 

Randomness coefficient = 0.5 

Light absorption coefficient, γ = 0.75 

Initial firefly attractiveness, �0 = 0.2 

* Parametric studies show that n (Initial firefly population size) should be about 15 to 40 for 

most cases. 

Since in a multi-objective optimization problem (MOOP), there can never exist a single 

absolute solution that can satisfy all the objectives to their best. For two or more objectives, 

each objective corresponds to a different optimal solution, but none of the trade off solutions 

is optimal with respect to all objectives. Therefore, multi-objective swarm intelligence 

techniques like MOFA do not try to find one optimal solution but all the trade off solutions  

Though an optimal solution may have minimum total combined objective function value, it 

may not be the best solution with respect to all the objectives simultaneously. Because of the 

nature of MOOP, solution may be optimal with respect to one objective or the total fitness 

may be minimum by best satisfying all the objectives but may be a poor candidate for a 

particular objective. Hence, it is desirable to generate many optimal solutions considering all 

the three objectives. Therefore, MOFA is designed to obtain non-dominated Pareto optimal 

solutions, where no one solution is better than another. Some of the Pareto optimal solutions 

are shown in the table bellow 
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Table 5.21: Pareto optimal solutions obtained from Firefly Algorithm 

From the above table it is evident that, no single solution is better than others with respect to 

all three objectives. Therefore, these Pareto optimal solutions are non-dominated. Hence this 

will be useful for the decision makers as they can chose the solution that suits them best from 

available set of multiple optimum trade off solutions. So it can be said that the developed 

model is truly multi-objective in nature and MOFA successfully solve this multi-objective 

problem.  

Correlations among the objective function can be estimated from the Pareto fronts of the 

corresponding objective functions, which are as follows  

 

Pareto solution number Objective 1 

Facility 

Setup Cost 

Objective 2 

Procurement and 

Transportation Cost 

Objective 3 

Total Penalty 

Cost 

1 350 3226.455 326.065 

2 383 3028.605 276.455 

3 316 3253.615 268.660 

4 371 3323.630 279.325 

5 388 3179.315 312.295 

6 472 2931.975 324.545 

7 513 3018.605 315.805 

8 412 3105.935 314.915 
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Fig. 5.2: Pareto front between Objective 1 and Objective 2 

 

 

Fig. 5.3: Pareto front between Objective 2 and Objective3 
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Fig. 5.4: Pareto front between Objective 3 and Objective 1 

The Pareto front between objective 1 and objective 2 and objective 2 and objective 3 shows 

that if objective 2 increases than both objective 2 and 3 decreases, i.e. the relationship is 

negative. But Pareto front between Objective 3 and Objective 1 doesn’t show any clear 

relationship or trend. So it is clearly evident from the above figures that most of the solutions 

obtained by this algorithm are Pareto optimal, as we cannot further improve (minimize) a 

particular objective without sacrificing others. 

One of the optimal solutions (solution no. 6) found by using MOFA is shown in details (for 

scenario 1) as sample 

 

Table 5.22: Selected warehouses 

Location 1 2 3 4 5 

Capacity type 1 1 1 2 2 

 

100

150

200

250

300

350

400

450

500

550

150 200 250 300 350

Pareto solution 

number 

Objective 1 

Facility Setup 

Cost 

Objective 2 

Procurement and 

Transportation Cost 

Objective 3 

Total Penalty 

Cost 

6 472 2931.975 324.545 
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Table 5.23: Other Variable values obtained for this solution 

X111 5 Y123 1 Y442 3 Z111 4 

X112 6 Y131 1 Y443 1 Z112 4 

X113 4 Y132 2 Y451 2 Z121 3 

X121 10 Y133 1 Y452 3 Z122 3 

X122 17 Y141 6 Y453 2 Z131 3 

X123 11 Y142 4 Y511 1 Z132 4 

X131 20 Y143 2 Y512 3 Z141 1 

X132 10 Y151 2 Y513 1 Z142 4 

X133 16 Y152 3 Y521 4 Z151 3 

X141 4 Y153 1 Y522 1 Z152 5 

X142 6 Y211 3 Y523 2 Z211 7 

X143 4 Y212 5 Y531 2 Z212 5 

X151 4 Y213 2 Y532 2 Z221 7 

X152 3 Y221 7 Y533 2 Z222 7 

X153 6 Y222 4 Y541 4 Z231 7 

X211 8 Y223 3 Y542 2 Z232 6 

X212 7 Y231 5 Y543 1 Z241 7 

X213 6 Y232 3 Y551 2 Z242 6 

X221 10 Y233 3 Y552 2 Z251 7 

X222 12 Y241 5 Y553 1 Z252 7 

X223 13 Y242 3 Z111 4 Z311 6 

X231 12 Y243 2 Z112 3 Z312 8 

X232 18 Y251 7 Z121 7 Z321 10 

X233 18 Y252 4 Z122 6 Z322 9 

X241 3 Y253 2 Z131 11 Z331 9 

X242 7 Y311 7 Z132 7 Z332 7 

X243 5 Y312 4 Z141 1 Z341 9 

X251 7 Y313 3 Z142 2 Z342 5 

X252 3 Y321 9 Z151 3 Z351 9 

X253 5 Y322 5 Z152 1 Z352 11 

X311 8 Y323 5 Z211 3 Z411 2 
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X312 6 Y331 6 Z212 4 Z412 2 

X313 6 Y332 4 Z221 7 Z421 4 

X321 9 Y333 4 Z222 7 Z422 1 

X322 16 Y341 12 Z231 10 Z431 3 

X323 14 Y342 6 Z232 11 Z432 3 

X331 21 Y343 4 Z241 1 Z441 2 

X332 18 Y351 10 Z242 2 Z442 2 

X333 16 Y352 8 Z251 2 Z451 1 

X341 5 Y353 5 Z252 1 Z452 2 

X342 7 Y411 3 Z311 2 Z511 2 

X343 4 Y412 1 Z312 2 Z512 4 

X351 3 Y413 1 Z321 4 Z521 2 

X352 6 Y421 1 Z322 6 Z522 2 

X353 5 Y422 2 Z331 8 Z531 1 

Y111 2 Y423 2 Z332 9 Z532 3 

Y112 2 Y431 1 Z341 2 Z541 1 

Y113 1 Y432 2 Z342 3 Z542 3 

Y121 1 Y433 1 Z351 1 Z551 2 

Y122 3 Y441 3 Z352 2 Z552 2 

 

Table 5.24: Unutilized commodity (UC) and unsatisfied demands (UD) units 

UC11 8 UC42 14 UD23 3 

UC12 8 UC43 15 UD31 8 

UC13 14 UC51 6 UD32 4 

UC21 0 UC52 4 UD33 3 

UC22 5 UC53 11 UD41 14 

UC23 5 UD11 10 UD42 8 

UC31 21 UD12 4 UD43 4 

UC32 36 UD13 1 UD51 10 

UC33 30 UD21 11 UD52 6 

UC41 7 UD22 8 UD53 4 
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5.2.2 Result obtained using Multi-objective Bat Algorithm (MOBA) 

Algorithm was coded in MATLAB (v13). Computer where the code was run had a dual core 

processor (1.6 GHz) and 2 GB RAM. Multi-objective Bat Algorithm (MOBA) parameters are 

as follows 

Generation number = 4000 

Initial bat population size = 30 

Initial pulse rate, �� = 0.5 

Maximum pulse frequency, � �� = 2 

Minimum pulse frequency, � �  = 0 

Initial loudness, �� = 0.25 

It should be noted that in a multi-objective optimization problem (MOOP), there can never 

exist a single absolute solution that can satisfy all the objectives to their best. For two or more 

objectives, each objective corresponds to a different optimal solution, but none of the trade 

off solutions is optimal with respect to all objectives. Therefore, multi-objective swarm 

intelligence techniques like MOFA do not try to find one optimal solution but all the trade off 

solutions  

Though an optimal solution may have minimum total combined objective function value, it 

may not be the best solution with respect to all the objectives simultaneously. Because of the 

nature of MOOP, solution may be optimal with respect to one objective or the total fitness 

may be minimum by best satisfying all the objectives but may be a poor candidate for a 

particular objective. Hence, it is desirable to generate many optimal solutions considering all 

the three objectives. Therefore, MOBA is designed to obtain non-dominated Pareto optimal 

solutions, where no one solution is better than another. Some of the Pareto optimal solutions 

are shown in the table bellow 
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Table 5.25: Pareto optimal solutions obtained from Bat Algorithm 

Pareto solution 

number 

Objective 1 

Facility Setup 

Cost 

Objective 2 

Procurement and 

Transportation Cost 

Objective 3 

Total Penalty 

Cost 

1 453 3158.090 308.575 

2 444 3017.955 356.039 

3 377 3478.595 324.835 

4 387 3330.335 267.745 

5 388 3241.505 267.035 

6 458 3283.455 316.575 

7 415 3435.350 325.035 

8 390 3540.005 258.815 

From the above table it is evident that, no single solution is better than others with respect to 

all three objectives. Therefore, these Pareto optimal solutions are non-dominated. Hence this 

will be useful for the decision makers as they can chose the solution that suits them best from 

available set of multiple optimum trade off solutions. So it can be said that the developed 

model is truly multi-objective in nature and MOBA successfully solve this multi-objective 

problem.  

Correlations among the objective functions can be estimated from the Pareto fronts of the 

corresponding objective functions, which are as follows  
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Fig. 5.5: Pareto front between Objective 1 and Objective 2 

 

 

Fig. 5.6: Pareto front between Objective 2 and Objective 3 
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Fig. 5.7: Pareto front between Objective 3 and Objective 1 

The Pareto front between objective 1 and objective 2 and objective 2 and objective 3 shows 

that if objective 2 increases than both objective 2 and 3 decreases, i.e. the relationship is 

negative. But Pareto front between Objective 3 and Objective 1 does not show any clear 

relationship or trend. So it is clearly evident from the above figures that most of the solutions 

obtained by this algorithm are Pareto optimal, as we cannot further improve (minimize) a 

particular objective without sacrificing others. 

One of the optimal solutions (solution no. 2) found by using MOBA is shown in details (for 

scenario 1) as sample 

Pareto solution 

number 

Objective 1 

Facility Setup 

Cost 

Objective 2 

Procurement and 

Transportation Cost 

Objective 3 

Total Penalty Cost 

2 444 3017.955 356.039 

 

Table 5.26: Selected warehouses 

Location  1 2 3 4 5 

Capacity type 3 2   0* 2 2 

*(no warehouse) 
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Table 5.27: Other variable values obtained for this solution 

X111 39 Y123 4 Y442 8 Z111 9 

X112 14 Y131 6 Y443 3 Z112 0 

X113 1 Y132 3 Y451 9 Z121 4 

X121 34 Y133 1 Y452 5 Z122 0 

X122 7 Y141 16 Y453 1 Z131 8 

X123 25 Y142 13 Y511 3 Z132 13 

X131 0 Y143 3 Y512 6 Z141 5 

X132 0 Y151 7 Y513 0 Z142 3 

X133 0 Y152 6 Y521 7 Z151 3 

X141 28 Y153 3 Y522 1 Z152 1 

X142 23 Y211 5 Y523 4 Z211 3 

X143 20 Y212 4 Y531 9 Z212 14 

X151 32 Y213 3 Y532 4 Z221 3 

X152 32 Y221 8 Y533 5 Z222 4 

X153 26 Y222 6 Y541 13 Z231 1 

X211 18 Y223 2 Y542 1 Z232 0 

X212 26 Y231 0 Y543 2 Z241 5 

X213 17 Y232 2 Y551 8 Z242 5 

X221 23 Y233 2 Y552 5 Z251 1 

X222 22 Y241 4 Y553 4 Z252 3 

X223 11 Y242 2 Z111 13 Z311 0 

X231 0 Y243 3 Z112 0 Z312 0 

X232 0 Y251 4 Z121 2 Z321 0 

X233 0 Y252 4 Z122 15 Z322 0 

X241 26 Y253 5 Z131 0 Z331 0 

X242 18 Y311 0 Z132 0 Z332 0 

X243 16 Y312 0 Z141 7 Z341 0 

X251 23 Y313 0 Z142 3 Z342 0 

X252 29 Y321 0 Z151 0 Z351 0 

X253 15 Y322 0 Z152 16 Z352 0 

X311 3 Y323 0 Z211 9 Z411 1 
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X312 12 Y331 0 Z212 0 Z412 8 

X313 10 Y332 0 Z221 4 Z421 5 

X321 20 Y333 0 Z222 1 Z422 8 

X322 22 Y341 0 Z231 0 Z431 7 

X323 18 Y342 0 Z232 0 Z432 2 

X331 0 Y343 0 Z241 0 Z441 4 

X332 0 Y351 0 Z242 5 Z442 7 

X333 0 Y352 0 Z251 12 Z451 9 

X341 21 Y353 0 Z252 4 Z452 7 

X342 33 Y411 7 Z311 6 Z511 4 

X343 33 Y412 3 Z312 0 Z512 0 

X351 13 Y413 3 Z321 5 Z521 6 

X352 28 Y421 4 Z322 11 Z522 9 

X353 24 Y422 6 Z331 0 Z531 7 

Y111 7 Y423 2 Z332 0 Z532 6 

Y112 2 Y431 4 Z341 7 Z541 0 

Y113 5 Y432 3 Z342 5 Z542 6 

Y121 5 Y433 3 Z351 1 Z551 11 

Y122 7 Y441 0 Z352 7 Z552 7 

 

Table 5.28: Unutilized commodity (UC) and unsatisfied demands (UD) units 

UC11 9 UC42 0 UD23 3 

UC12 8 UC43 0 UD31 6 

UC13 14 UC51 16 UD32 0 

UC21 28 UC52 4 UD33 5 

UC22 6 UC53 5 UD41 1 

UC23 14 UD11 1 UD42 7 

UC31 0 UD12 7 UD43 4 

UC32 0 UD13 5 UD51 9 

UC33 0 UD21 5 UD52 6 

UC41 0 UD22 7 UD53 5 
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If we compare the performance of the two algorithms in solving this particular humanitarian 

logistics network design problem, we can see that the multiple optimum solutions obtained in 

MOBA is more diverse and larger in number compared to MOFA. More over MOBA takes 

less time to find the optimal solutions compared to MOFA. So it can be said MOBA performs 

better than MOFA in solving this particular network design problem. Previous research 

works [108] comparing the performance of these two algorithms also supports this claim. 

5.3 Convergence Analysis 

In order to demonstrate the optimization behavior of the two proposed methods over 

generations, a convergence analysis has been performed using the best values of the 

combined objective function found at each generation. In both methods initial bat and firefly 

population randomly starts to move towards better solutions using their corresponding search 

techniques. Hence, as the number of generation increases, for a minimization problem, the 

objective function value decreases and after certain stage the value doesn’t change that much 

from iteration to iteration. At this it can said the convergence has occurred, i.e. we have 

reached to optimum solutions. Notable that because of being a multi-objective problem, here 

decision maker will get multiple optimum trade off solutions, instead of a single optimum 

solution. The results of convergence analysis for both methods are presented in the following 

figure.  

 

Number of generations  

Fig. 5.8: Convergence curve for Firefly Algorithm 

0

1000

2000

3000

4000

5000

6000

1 2 3 4 5 6 7 8 9 101112131415161718192021222324252627282930

 O
b
je

ct
iv

e 
fu

n
ct

io
n
 v

al
u
es

 



64 

 

 

Number of generations  

Fig. 5.9: Convergence curve for Bat Algorithm 

As we can see from the convergence curves of both algorithms, Bat algorithm was able to 

reach convergence earlier (around 200 iteration earlier) compared to Firefly algorithm. So in 

terms of finding optimum solutions more quickly, for this particular model, Bat algorithm 

appears to have a better performance than Firefly algorithm. 
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Chapter 6 

CONCLUSIONS AND RECOMMENDATIONS 

6.1 Conclusions 

Catastrophic events are unpredictable in nature. Extent to which we can minimize the 

damages cause by the events depends on the efficiency of humanitarian aid operation. 

Logistics is the most important factor in humanitarian aid operations. Academic research in 

humanitarian logistics, especially in the field of operations research, was quite limited but has 

started to evolve a lot in the last few years. Mathematical programming, heuristics, statistics, 

probability theories, simulations etc. are some of the commonly techniques that has been used 

for improvement of disaster relief operations management. Within the contexts of logistics 

and supply chain management different quantitative methods were used in humanitarian  

logistics  to  analyze  situations,  available data  and  improve  performance  of  the overall  

relief  chain. However, most of the previous research work mainly focused on some specific 

aspects of the entire aid operation. There for this research work aimed at formulating an 

integrated decision support system so that the decision makers of the aid operation does not 

have to waste their valuable time in gathering all their necessary information from different 

models who can be hardly integrated. Because the more they procrastinate the higher will be 

the human causalities. If key information like optimum location of the regional relief 

distribution warehouse, quantity to be shipped to different nodes of the supply chain while 

minimizing transportation cost ,inventory and human suffering etc  can be obtain quickly then 

decision makers will be able to save more human lives. To deal with the uncertain 

components of the relief chain a scenario based approach was used to convert the 

deterministic model into a stochastic model. Later to demonstrate the effectiveness of the 

model a numerical example has been developed. Two very recent algorithms – Firefly 

Algorithm (FA) and Bat Algorithm (BA) has been used to solve the developed Multi-

objective Binary Integer Programming (BIP) problem. Both of the algorithms has been 

developed and modified from its generic form to develop multi-objective algorithm by using 

scalarization technique. Both algorithms have demonstrated satisfactory performance in 

solving the problem in hand, but it appears that Bat Algorithm (BA) is slightly more efficient 

than Firefly Algorithm (FA) in terms of finding the optimum solution more quickly.  
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This research suggests that more effective relief logistics model can be developed if we 

resemble it as close to the real case scenario as possible by incorporating all possible 

uncertainties. The more flexible the model will be the closer it will be to the real events and 

the higher efficiency it will yield in terms of reducing both logistics expenses and human 

suffering.   

6.2 Recommendations  

There are some possible directions to which this research can be extended. Vehicle routing 

can be incorporated to allow the model to select most appropriate route for transporting the 

relief goods. Reliability concept can be incorporated in the model to minimize associated risk 

in the logistics network. This model can also be extended make decision to evacuate the 

wounded people and transporting them to the nearest health care facility. Time element can 

also be incorporated in the model to improve the responsiveness of the overall supply chain. 

Fuzzy Rule Based System can be incorporated in the model to improve its flexibility. Finally, 

more customized algorithms can be developed to solve the problem more efficiently. 

 

 



67 

 

REFERENCES 

1. Kemball‐Cook, D. and R. Stephenson, Lessons in logistics from Somalia. Disasters, 1984. 

8(1): p. 57-66. 

2. Knott, R., The logistics of bulk relief supplies. Disasters, 1987. 11(2): p. 113-115. 

3. Ardekani, S.A. and A.G. Hobeika, Logistics problems in the aftermath of the 1985 

Mexico City earthquake. Transportation Quarterly, 1988. 42(1). 

4. Ray, J., A multi-period linear programming model for optimally scheduling the 

distribution of food-aid in West Africa. 1987. 

5. Brown, G.G. and A.L. Vassiliou, Optimizing disaster relief: real-time operational and 

tactical decision support. 1993, DTIC Document. 

6. Crainic, T.G. and J.-M. Rousseau, Multicommodity, multimode freight transportation: A 

general modeling and algorithmic framework for the service network design problem. 

Transportation Research Part B: Methodological, 1986. 20(3): p. 225-242. 

7. Guelat, J., M. Florian, and T.G. Crainic, A multimode multiproduct network assignment 

model for strategic planning of freight flows. Transportation science, 1990. 24(1): p. 25-

39. 

8. Jahre, M., et al., Humanitarian logistics in disaster relief operations. International 

Journal of Physical Distribution & Logistics Management, 2007. 37(2): p. 99-114. 

9. Altay, N. and W.G. Green, OR/MS research in disaster operations management. 

European journal of operational research, 2006. 175(1): p. 475-493. 

10. Haghani, A. and S.-C. Oh, Formulation and solution of a multi-commodity, multi-modal 

network flow model for disaster relief operations. Transportation Research Part A: Policy 

and Practice, 1996. 30(3): p. 231-250. 

11. Barbarosoğlu, G., L. Özdamar, and A. Cevik, An interactive approach for hierarchical 

analysis of helicopter logistics in disaster relief operations. European journal of 

operational research, 2002. 140(1): p. 118-133. 

12. Barbaroso and G. gcaron, A two-stage stochastic programming framework for 

transportation planning in disaster response. Journal of the Operational Research 

Society, 2004. 55(1): p. 43-53. 



68 

 

13. Özdamar, L., E. Ekinci, and B. Küçükyazici, Emergency logistics planning in natural 

disasters. Annals of operations research, 2004. 129(1-4): p. 217-245. 

14. Yi, W. and L. Özdamar, A dynamic logistics coordination model for evacuation and 

support in disaster response activities. European Journal of Operational Research, 2007. 

179(3): p. 1177-1193. 

15. Viswanath, K. and S. Peeta, Multicommodity maximal covering network design problem 

for planning critical routes for earthquake response. Transportation Research Record: 

Journal of the Transportation Research Board, 2003. 1857(1): p. 1-10. 

16. Zhu, J., et al. Resources allocation problem for local reserve depots in disaster 

management based on scenario analysis. in The 7th International Symposium on 

Operations Research and its Applications. Lijiang, China. 2008. 

17. Balcik, B. and B.M. Beamon, Facility location in humanitarian relief. International 

Journal of Logistics, 2008. 11(2): p. 101-121. 

18. Na, H.S. and A. Banerjee. An agent-based discrete event simulation approach for 

modeling large-scale disaster evacuation network. in Proceedings of the 2014 Winter 

Simulation Conference. 2014. IEEE Press. 

19. Nolz, P.C., et al., A bi-objective metaheuristic for disaster relief operation planning, in 

Advances in multi-objective nature inspired computing. 2010, Springer. p. 167-187. 

20. Taskin, S. and E.J. Lodree, Inventory decisions for emergency supplies based on 

hurricane count predictions. International Journal of Production Economics, 2010. 

126(1): p. 66-75. 

21. Vitoriano, B., et al., A multi-criteria optimization model for humanitarian aid 

distribution. Journal of Global Optimization, 2011. 51(2): p. 189-208. 

22. Vitoriano, B., T. Ortuno, and G. Tirado, HADS, a goal programming‐based humanitarian 

aid distribution system. Journal of Multi‐Criteria Decision Analysis, 2009. 16(1‐2): p. 55-

64. 

23. Mete, H.O. and Z.B. Zabinsky, Stochastic optimization of medical supply location and 

distribution in disaster management. International Journal of Production Economics, 

2010. 126(1): p. 76-84. 

24. Rawls, C.G. and M.A. Turnquist, Pre-positioning of emergency supplies for disaster 

response. Transportation research part B: Methodological, 2010. 44(4): p. 521-534. 



69 

 

25. Rawls, C.G. and M.A. Turnquist, Pre-positioning planning for emergency response with 

service quality constraints. OR spectrum, 2011. 33(3): p. 481-498. 

26. Lin, Y.-H., et al., A logistics model for emergency supply of critical items in the 

aftermath of a disaster. Socio-Economic Planning Sciences, 2011. 45(4): p. 132-145. 

27. Akkihal, A.R., Inventory pre-positioning for humanitarian operations. 2006, 

Massachusetts Institute of Technology. 

28. Doerner, K.F., W.J. Gutjahr, and P.C. Nolz, Multi-criteria location planning for public 

facilities in tsunami-prone coastal areas. Or Spectrum, 2009. 31(3): p. 651-678. 

29. Doerner, K.F. and R.F. Hartl, Health care logistics, emergency preparedness, and 

disaster relief: new challenges for routing problems with a focus on the Austrian 

situation, in The vehicle routing problem: latest advances and new challenges. 2008, 

Springer. p. 527-550. 

30. Hale, T. and C.R. Moberg, Improving supply chain disaster preparedness: A decision 

process for secure site location. International Journal of Physical Distribution & 

Logistics Management, 2005. 35(3): p. 195-207. 

31. Van Wassenhove, L.N., Humanitarian aid logistics: supply chain management in high 

gear†. Journal of the Operational Research Society, 2006. 57(5): p. 475-489. 

32. Nagurney, A., J. Dong, and D. Zhang, A supply chain network equilibrium model. 

Transportation Research Part E: Logistics and Transportation Review, 2002. 38(5): p. 

281-303. 

33. Eiselt, H. and V. Marianov, Gradual location set covering with service quality. Socio-

Economic Planning Sciences, 2009. 43(2): p. 121-130. 

34. Tzeng, G.-H., H.-J. Cheng, and T.D. Huang, Multi-objective optimal planning for 

designing relief delivery systems. Transportation Research Part E: Logistics and 

Transportation Review, 2007. 43(6): p. 673-686. 

35. Campbell, A.M., D. Vandenbussche, and W. Hermann, Routing for relief efforts. 

Transportation Science, 2008. 42(2): p. 127-145. 

36. Gibbons, D.E. and S. Samaddar, Designing Referral Network Structures and Decision 

Rules to Streamline Provision of Urgent Health and Human Services*. Decision 

Sciences, 2009. 40(2): p. 351-371. 



70 

 

37. Charles, A., Improving the design and management of agile supply chains: feedback and 

application in the context of humanitarian aid. 2010. 

38. Rottkemper, B., et al., Inventory relocation for overlapping disaster settings in 

humanitarian operations. OR spectrum, 2011. 33(3): p. 721-749. 

39. Battini, D., et al., Application of humanitarian last mile distribution model. Journal of 

Humanitarian Logistics and Supply Chain Management, 2014. 4(1): p. 131-148. 

40. Ben-Tal, A., et al., Robust optimization for emergency logistics planning: Risk mitigation 

in humanitarian relief supply chains. Transportation research part B: methodological, 

2011. 45(8): p. 1177-1189. 

41. Berkoune, D., et al., Transportation in disaster response operations. Socio-Economic 

Planning Sciences, 2012. 46(1): p. 23-32. 

42. Bretschneider, S. and A. Kimms, A basic mathematical model for evacuation problems in 

urban areas. Transportation research part A: policy and practice, 2011. 45(6): p. 523-

539. 

43. Caunhye, A.M., X. Nie, and S. Pokharel, Optimization models in emergency logistics: A 

literature review. Socio-Economic Planning Sciences, 2012. 46(1): p. 4-13. 

44. Chakravarty, A.K., A contingent plan for disaster response. International Journal of 

Production Economics, 2011. 134(1): p. 3-15. 

45. Chakravarty, A.K., Humanitarian Relief Chain, in Supply Chain Transformation. 2014, 

Springer. p. 237-272. 

46. Charles, A. and M. Lauras, An enterprise modelling approach for better optimisation 

modelling: application to the humanitarian relief chain coordination problem. OR 

spectrum, 2011. 33(3): p. 815-841. 

47. Clark, A. and B. Culkin, A network transshipment model for planning humanitarian relief 

operations after a natural disaster, in Decision Aid Models for Disaster Management and 

Emergencies. 2013, Springer. p. 233-257. 

48. Esmaeili, V. and F. Barzinpour, Integrated decision making model for urban disaster 

management: A multi-objective genetic algorithm approach. International Journal of 

Industrial Engineering Computations, 2014. 5(1): p. 55-70. 

49. Gonçalves, P., et al., Stochastic Optimization for Humanitarian Aid Supply and 

Distribution of World Food Programme (WFP) in Ethiopia. 



71 

 

50. Liberatore, F., et al., A hierarchical compromise model for the joint optimization of 

recovery operations and distribution of emergency goods in Humanitarian Logistics. 

Computers & Operations Research, 2014. 42: p. 3-13. 

51. Liberatore, F., et al., Uncertainty in humanitarian logistics for disaster management. A 

review, in Decision Aid Models for Disaster Management and Emergencies. 2013, 

Springer. p. 45-74. 

52. Luis, E., I.S. Dolinskaya, and K.R. Smilowitz, Disaster relief routing: Integrating 

research and practice. Socio-economic planning sciences, 2012. 46(1): p. 88-97. 

53. Murali, P., F. Ordóñez, and M.M. Dessouky, Facility location under demand uncertainty: 

Response to a large-scale bio-terror attack. Socio-Economic Planning Sciences, 2012. 

46(1): p. 78-87. 

54. Ortuño, M., et al., Decision aid models and systems for humanitarian logistics. A survey, 

in Decision aid models for disaster management and emergencies. 2013, Springer. p. 17-

44. 

55. Özdamar, L. and O. Demir, A hierarchical clustering and routing procedure for large 

scale disaster relief logistics planning. Transportation Research Part E: Logistics and 

Transportation Review, 2012. 48(3): p. 591-602. 

56. Rath, S. and W.J. Gutjahr, A math-heuristic for the warehouse location–routing problem 

in disaster relief. Computers & Operations Research, 2014. 42: p. 25-39. 

57. Sheu, J.-B., Dynamic relief-demand management for emergency logistics operations 

under large-scale disasters. Transportation Research Part E: Logistics and Transportation 

Review, 2010. 46(1): p. 1-17. 

58. Tatham, P., et al., Water distribution in disaster relief. International Journal of Physical 

Distribution & Logistics Management, 2010. 40(8/9): p. 693-708. 

59. Ji, G. and C. Zhu, A study on emergency supply chain and risk based on urgent relief 

service in disasters. Systems Engineering Procedia, 2012. 5: p. 313-325. 

60. Jia, H., F. Ordóñez, and M.M. Dessouky, Solution approaches for facility location of 

medical supplies for large-scale emergencies. Computers & Industrial Engineering, 2007. 

52(2): p. 257-276. 



72 

 

61. Ropke, S. and D. Pisinger, An adaptive large neighborhood search heuristic for the 

pickup and delivery problem with time windows. Transportation science, 2006. 40(4): p. 

455-472. 

62. Song, W., C.H. Li, and S.C. Park, Genetic algorithm for text clustering using ontology 

and evaluating the validity of various semantic similarity measures. Expert Systems with 

Applications, 2009. 36(5): p. 9095-9104. 

63. Falasca, M., C.W. Zobel, and G.M. Fetter. An optimization model for humanitarian relief 

volunteer management. in Proceedings of the 6th International ISCRAM Conference. 

2009. 

64. Kristianto, Y., et al., A model of resilient supply chain network design: A two-stage 

programming with fuzzy shortest path. Expert Systems with Applications, 2014. 41(1): p. 

39-49. 

65. Salmerón, J. and A. Apte, Stochastic optimization for natural disaster asset 

prepositioning. Production and Operations Management, 2010. 19(5): p. 561-574. 

66. Bozorgi-Amiri, A., M. Jabalameli, and S.M. Al-e-Hashem, A multi-objective robust 

stochastic programming model for disaster relief logistics under uncertainty. OR 

spectrum, 2013. 35(4): p. 905-933. 

67. Wohlgemuth, S.-A., et al., A one-pot hydrothermal synthesis of sulfur and nitrogen doped 

carbon aerogels with enhanced electrocatalytic activity in the oxygen reduction reaction. 

Green Chemistry, 2012. 14(5): p. 1515-1523. 

68. Irohara, T., Y.-H. Kuo, and J.M. Leung, From preparedness to recovery: a tri-level 

programming model for disaster relief planning, in Computational Logistics. 2013, 

Springer. p. 213-228. 

69. Gkonis, K.G. and H.N. Psaraftis, Container transportation as an interdependent security 

problem. Journal of Transportation Security, 2010. 3(4): p. 197-211. 

70. Sebbah, S., et al., Military logistics planning in humanitarian relief operations, in 

Humanitarian and Relief Logistics. 2013, Springer. p. 77-110. 

71. Yi, W. and A. Kumar, Ant colony optimization for disaster relief operations. 

Transportation Research Part E: Logistics and Transportation Review, 2007. 43(6): p. 

660-672. 



73 

 

72. Yuan, Y. and D. Wang, Path selection model and algorithm for emergency logistics 

management. Computers & Industrial Engineering, 2009. 56(3): p. 1081-1094. 

73. Bozorgmehri, S. and M. Hamedi, Modeling and Optimization of Anode‐Supported Solid 

Oxide Fuel Cells on Cell Parameters via Artificial Neural Network and Genetic 

Algorithm. Fuel Cells, 2012. 12(1): p. 11-23. 

74. Abounacer, R., M. Rekik, and J. Renaud, An exact solution approach for multi-objective 

location–transportation problem for disaster response. Computers & Operations 

Research, 2014. 41: p. 83-93. 

75. Sheu, J.-B., An emergency logistics distribution approach for quick response to urgent 

relief demand in disasters. Transportation Research Part E: Logistics and Transportation 

Review, 2007. 43(6): p. 687-709. 

76. Adıvar, B. and A. Mert, International disaster relief planning with fuzzy credibility. 

Fuzzy Optimization and Decision Making, 2010. 9(4): p. 413-433. 

77. Tatham, P., et al., Horizontal cooperation in disaster relief logistics: benefits and 

impediments. International Journal of Physical Distribution & Logistics Management, 

2010. 40(8/9): p. 636-656. 

78. Huang, M., K. Smilowitz, and B. Balcik, Models for relief routing: Equity, efficiency and 

efficacy. Transportation research part E: logistics and transportation review, 2012. 48(1): 

p. 2-18. 

79. Jin, M. and B. Ekşioğlu, Optimal routing of vehicles with communication capabilities in 

disasters. Computational Management Science, 2010. 7(2): p. 121-137. 

80. Yang, X.-S., Nature-inspired metaheuristic algorithms. 2010: Luniver press. 

81. Yang, X.-S., A new metaheuristic bat-inspired algorithm, in Nature inspired cooperative 

strategies for optimization (NICSO 2010). 2010, Springer. p. 65-74. 

82. Yang, X.-S., Firefly algorithm, Levy flights and global optimization, in Research and 

Development in Intelligent Systems XXVI. 2010, Springer. p. 209-218. 

83. Farahani, S.M., et al., A Gaussian firefly algorithm. International Journal of Machine 

Learning and Computing, 2011. 1(5): p. 448-453. 

84. Farahani, S.M., B. Nasiri, and M.R. Meybodi. A multiswarm based firefly algorithm in 

dynamic environments. in Third Int. Conf. on Signal Processing Systems (ICSPS2011). 

2011. Citeseer. 



74 

 

85. Gandomi, A.H., X.-S. Yang, and A.H. Alavi, Mixed variable structural optimization 

using firefly algorithm. Computers & Structures, 2011. 89(23): p. 2325-2336. 

86. Azad, S.K. and S.K. Azad, Optimum design of structures using an improved firefly 

algorithm. International Journal of Optimization in Civil Engineering, 2011. 1(2): p. 327-

340. 

87. Basu, B. and G.K. Mahanti, Fire fly and artificial bees colony algorithm for synthesis of 

scanned and broadside linear array antenna. Progress In Electromagnetics Research B, 

2011. 32: p. 169-190. 

88. Chatterjee, A., G.K. Mahanti, and A. Chatterjee, Design of a fully digital controlled 

reconfigurable switched beam concentric ring array antenna using firefly and particle 

swarm optimization algorithm. Progress In Electromagnetics Research B, 2012. 36: p. 

113-131. 

89. Zaman, M.A. and A. Matin, Nonuniformly spaced linear antenna array design using 

firefly algorithm. International Journal of Microwave Science and Technology, 2012. 

2012. 

90. Sayadi, M., R. Ramezanian, and N. Ghaffari-Nasab, A discrete firefly meta-heuristic with 

local search for makespan minimization in permutation flow shop scheduling problems. 

International Journal of Industrial Engineering Computations, 2010. 1(1): p. 1-10. 

91. Yang, X.-S., Multiobjective firefly algorithm for continuous optimization. Engineering 

with Computers, 2013. 29(2): p. 175-184. 

92. Yang, X.-S. and X. He, Firefly algorithm: recent advances and applications. 

International Journal of Swarm Intelligence, 2013. 1(1): p. 36-50. 

93. Musikapun, P. and P. Pongcharoen, Solving multi-stage multi-machine multi-product 

scheduling problem using bat algorithm. Department of Industrial Engineering, Faculty 

of Engineering, Naresuan University, Thailand, 2012: p. 1068-1074. 

94. Faritha Banu, A. and C. Chandrasekar, An optimized approach of modified bat algorithm 

to record deduplication. 2013. 

95. Reddy, V. and A. Manoj, Optimal capacitor placement for loss reduction in distribution 

systems using bat algorithm. IOSR journal of Engineering, 2012. 2(10): p. 23-27. 

96. Yang, X.-S., Bat algorithm for multi-objective optimisation. International Journal of Bio-

Inspired Computation, 2011. 3(5): p. 267-274. 



75 

 

97. Yang, X.-S. and X. He, Bat algorithm: literature review and applications. International 

Journal of Bio-Inspired Computation, 2013. 5(3): p. 141-149. 

98. Gandomi, A.H., et al., Bat algorithm for constrained optimization tasks. Neural 

Computing and Applications, 2013. 22(6): p. 1239-1255. 

99. Coello, C.A.C. An updated survey of evolutionary multiobjective optimization 

techniques: State of the art and future trends. in Proceedings of the Congress on 

Evolutionary Computation. 1999. 

100. Fonseca, C.M. and P.J. Fleming, An overview of evolutionary algorithms in 

multiobjective optimization. Evolutionary computation, 1995. 3(1): p. 1-16. 

101. Fister, I., X.-S. Yang, and J. Brest, A comprehensive review of firefly algorithms. Swarm 

and    Evolutionary Computation, 2013. 13: p. 34-46. 

102. Cagnina, L.C., S.C. Esquivel, and C.A.C. Coello, Solving Engineering Optimization 

Problems with the Simple Constrained Particle Swarm Optimizer. Informatica 

(Slovenia), 2008. 32(3): p. 319-326. 

103. Deb, K., Multi-objective optimization using evolutionary algorithms. Vol. 16. 2001: John 

Wiley & Sons. 

104. Geem, Z.W., J.H. Kim, and G. Loganathan, A new heuristic optimization algorithm: 

harmony search. Simulation, 2001. 76(2): p. 60-68. 

105. Yang, X.-S., Engineering optimization: an introduction with metaheuristic applications. 

2010: John Wiley & Sons. 

106. Łukasik, S. and S. Żak, Firefly algorithm for continuous constrained optimization tasks, 

in Computational Collective Intelligence. Semantic Web, Social Networks and Multiagent 

Systems. 2009, Springer. p. 97-106. 

107. Apostolopoulos, T. and A. Vlachos, Application of the firefly algorithm for solving the 

economic emissions load dispatch problem. International Journal of Combinatorics, 2010. 

108. Goel, N., Gupta, D. and Goe, S., Performance of Firefly and Bat Algorithm for 

Unconstrained Optimization Problems. International Journal of Advanced Research in 

Computer Science and Software Engineering, 2013. 3(5): p. 1405-1409.  

 


