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ABSTRACT

A BLOOD DISTRIBUTION SYSTEM:
AN APPLICATION TO THE TURKISH RED CRESCENT

KURT, Atil
Ph.D. Department of Industrial Engineering

Supervisor: Prof. Dr. Meral AZIZOGLU
Co-Supervisor: Assoc. Prof. Dr. Ferda Can CETINKAYA

January 2018, 139 pages

In this study, we consider the blood distribution system in Turkey and focus on Central
Anatolian Regional Blood Center. Our problem differs from the classical distribution
problems as it resides irradiation centers, urgent demands, vehicle availability and
traveling time restrictions. In this study, we considered two problems.

To address the first problem, we develop a mixed integer linear program with two
objectives: maximizing the demand satisfaction and minimizing total time travelled by
the vehicles. We propose two decomposition-based heuristic solution approaches. The
results of our experiments have revealed that the model cannot solve even small sized
instances in reasonable times; however, the heuristic solution approaches are
appropriate for solving complex real life problems.

Second problem proposes several demand satisfaction options by taking into
account the irradiation centers, urgent demands, and product availability. To address
the problem, we develop a mixed integer linear program with the objective of
maximizing the weighted demand satisfaction, and propose a hybrid genetic algorithm.
The results of our experiments have revealed that the model cannot solve even small
sized instances in reasonable times; however, the hybrid genetic algorithm is

appropriate for solving complex real life problems.

Keywords: Blood distribution system, Mathematical model, Heuristic approach,

Genetic algorithm



0z
KAN DAGITIM SiSTEMi: TURK KIZILAY1 iCiN BiR UYGULAMA
KURT, Atil
Doktora, Endiistri Miithendisligi Boliimii
Tez Yoneticisi: Prof. Dr. Meral AZIZOGLU
Ortak Tez Yoneticisi: Dog. Dr. Ferda Can CETINKAYA

Ocak 2018, 139 sayfa

Bu ¢aligmada Orta Anadolu Bolge Kan Merkezini’ne odaklanarak Tiirkiye’deki kan
dagitim sistemini ela aldik. Problemimiz 1sinlama merkezlerini, acil talepleri, arag
ulasabilirlik ve seyahat stiresi gibi kisitlar1 dikkate aldigindan literaturedeki klasik
dagitim sistemlerinden farkli bir yapiya sahip olup iki tip problem incelenmistir.

Birinci problem iki amagli bir karisik tamsayili dogrusal programlama modeli
gelistirmis olup agirliklandirilmis karsilanan talep miktarinin en ¢oklanmayi ve toplam
gezinti siiresini en azlamayr amaglamistir. iki ayristirma-tabanli sezgisel ¢oziim
yaklagimi gelistirdik. Deneylerimizin sonuglart modelin kii¢iik boyutlu sayilabilecek
problemleri bile ¢ozemedigini gosterdi; ancak sezgisel ¢Oziim yaklasimlarinin
karmasik ger¢ek yasam problemleri i¢in daha uygundur.

Ikinci problem 1sinlama merkezlerini, acil talepleri ve iiriin elverisliligini dikkate
alan ve farkli talep saglama yontemlerini 6nermektedir. Problem ¢oziimii i¢in bir
toplam agirliklandirilmis karsilanan talep miktarimi en ¢oklanmasini amaglayan
karmagik tamsayili dogrusal programlama modeli gelistirilmistir ve bir melez genetik
algoritma Onerilmistir. Deneylerimizin sonuclart modelin kii¢iik boyutlu sayilabilecek
problemleri bile ¢ozemedigini gosterdi; ancak sezgisel ¢6ziim yaklasimlarinin

karmasik gercek yasam problemleri i¢in daha uygundur.

Anahtar Kelimeler: Kan dagitim Sistemi, Matematiksel model, Sezgisel yaklasim,

Genetik algoritma
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CHAPTER 1

INTRODUCTION

The blood products supply chain management is more crucial than those of the
ordinary goods due to the vital importance of blood for human beings. The associated

supply chain has several different characteristics as stated by Pierskalla (2005).

1. Blood is a perishable product and its sub-products have different shelf lives.

2. The blood supply is not known with certainty.

3. The demands for blood products are not known with certainty.

4. Interactive decisions must be made at the strategic design and, at operational
and tactical levels.

5. The entire supply chain should be examined as a whole system but not as a
subsystem of some larger systems.

6. Generalized theoretical research can be derived via the practical real life
problems.

Blood supply chain systems of ten different countries are studied by Rock et al.
(2000). As stated in the study, in the USA, the blood is supplied by different
organizations: 85 percent of the blood products are supplied by non-profit
organizations like America’s Blood Centers and American Red Cross and, the rest are
supplied by for-profit organizations or hospitals. The blood products supply chains in
England, Scotland, Italy, Switzerland, France, and Canada are organized by national
non-profit organizations. In Norway, all blood centers are managed within the

hospitals, whereas in South Africa, private organizations play a major role.



The blood supply chain in Turkey is organized by the Turkish Red Crescent (TRC),
a non-profit organization. The organization is responsible to supply the whole blood,
from the safe donors, extract the required blood product derivatives like red blood
cells, plasma, and platelets and distribute them to the hospitals at the required times.
The timely delivery of the blood products is crucial particularly for the urgent demand
and emergency cases. The origin of TRC is Ottoman Assistance Association for the
injured and sick soldier, which is founded in 1868. Service activity areas of TRC are
blood, disaster intervention, healthcare, social benefits, youth, and education in all
places that the human needs. Some historical events about blood supply system in
Turkey are as follows:

e First transfusion is made in 1938,

e First blood centers are established in 1957,

e Blood donation organization is established in 1974,

e Blood Service Directorate of TRC is established in 1983,

e In 2007, the TRC is assigned to meet blood demands in Turkey and 15

Regional Blood Centers (RBC) are established.

RBCs, Blood Centers (BC), and all laboratories in TRC have 1SO 9001:20001

Quality Management System Certificate.

The Turkish Red Crescent distributes the blood to the demand points using the

following six channels:

i. Regional Blood Centers (RBC)

ii. Temporary Regional Blood Centers (TRBC)
iii. Blood Centers (BC)

iv. Blood Stations (BS)

v. Mobile Units (MU)

vi. Transfusion Centers/Hospitals (H)



There are four main blood subproducts which are supplied by the TRC. These are
red blood cells, plasma, platelets, and apheresis platelets. The Turkish Red Crescent
also considers the ABO group system and Rhesus factor for each supplied blood
product while meeting the blood demand in Turkey. The detailed information about

the type of supplied blood products are discussed in Chapter 2.

Our main focus will be on the distribution system of the supply chain in TRC.
Inspired from a practical problem, we consider the routing of the vehicles to the

hospitals. We consider two blood distribution problems in this study.

1.1 Problem1

The poor allocation of the blood products from the Central Anatolian RBC to the
hospitals has posed a main challenge in our study. We recognize that developing an
efficient blood distribution model is critical for academicians and practitioners due to
the complexity of the timely allocation and distribution. We consider the routing of
the vehicles to the hospitals and two objectives in hierarchy: maximum demand
satisfaction and minimum total time travelled. We construct a mathematical model and
propose two heuristic algorithms.

To the best of our knowledge, our study is the first attempt that considers irradiation
centers, urgent demands and blood products availability. Including irradiation centers
leads to precedence structure, and product availability leads to the consideration of the
partial demand satisfaction. Hence, we consider the allocation of the blood products
along with their distribution to the hospitals and add a new category, distribution -

product allocation, to the blood products literature.



1.2 Problem 2

Problem 1 considered the blood products allocations and distribution problem with
urgent demands, product availabilities, and irradiation centers. The promising results
observed in Problem 1 and our continuing collaboration with the Turkish Red Crescent
have been the main motivation of this problem. We recognize that the demand may
not be satisfied fully due to the limited capacities of the Turkish Red Crescent, hence
define new transportation options that use the vehicles of the hospitals in addition to
the vehicles of the organization.

In the current blood distribution system of the Central Anatolian RBC, the demand
of hospitals is satisfied by its own vehicles. Due to the capacity and maximum travel
time constraints of the vehicles, the demand of all hospitals cannot be satisfied by this
way. To increase the amount of demand satisfaction, we propose several options to
distribute the blood products. Satisfying the demand of the hospitals by the vehicles of
the RBC is the first option (O1) of our proposed distribution system, and we call it as
the current operation. Satisfying the demand of a hospital via another hospital where
the hospital takes its demand from another hospital visited by the vehicle of the RBC
is our second option (02), and we call it as the transfer service. Satisfying the demand
of a hospital directly from the RBC by the hospital’s vehicle visiting the RBC is the
third option (O3), and we call it as the self service. We develop a mixed integer linear
program with the objective of maximizing the demand satisfaction and a propose a

hybrid genetic algorithm to solve the problem.

1.3 Chapter Organization

The thesis is organized as follows. Chapter 2 describes the blood supply chain
system in Turkey and blood products. We present Problem 1 in Chapter 3. Problem 2
is discussed in Chapter 4. Finally, our conclusion and future works are given in
Chapter 5.



CHAPTER 2

PROBLEM ENVIRONMENT

Our main focus will be on the blood distribution system in Turkey. In this chapter, we
give general information about the blood products and the blood supply systems in

Turkey.

2.1 Blood Products

The main product of the TRC is the whole blood that is taken directly from the human
beings, donors, and this blood is used in different cases when treating patients. The
whole blood once taken from the donors should be transfused (the process of giving
the blood to the human body) or centrifuged (the process of separating the
components) in one day as its shelf life is one day. Following the centrifugation
process, three main products, namely red blood cells, plasma, and platelets are
obtained. The different components have different shelf lives and the separation
enables one to adapt the use of the blood products to the specific needs of a patient.

The treatment cases and shelf lives of the products are summarized in Table 2.1.



Table 2.1: Usage and shelf lives of the blood components

Product Treatment Shelf Life
Red Blood Cells  Surgery with major blood loss 42 days
Treatment of anaemic patients
Premature infants

Platelets Major blood loss 5 days
Cancer treatment
Plasma Blood loss and curbs in surgery 2 years

Treatment of liver disease
Treatment of burn injuries

Figure 2.1 below shows the structure of the blood products and the detailed

explanations for the products are given below.

Red blood cells
without Buffy
Coat

Red blood cells

with additional
solution
Red blood cells

»  Whole Blood

A 4

Washed red blood
cells

Whole Blood

Filtered red blood
cells

Cryoprecipitate

\ 4

Plasma -

\ 4

Plasma

A 4

Platalets

Figure 2.1: Structure of the blood products



1. Red blood cells: Main duty of Red blood cells is delivering oxygen to the body
tissues. The following four subproducts can be obtained from red blood cells.
o Red blood cells without Buffy Coat: Produced by removing Buffy Coat
and some part of its plasma from red blood cells.
o Red blood cells with additional solution: Produced by adding a proper
solution to red blood cells.
o Washed red blood cells: Produced by washing of red blood cells with
isotonic solution.
o Filtered red blood cells: Produced by removing leucocytes from the red

blood cells.
Each subproduct has a shelf life of 42 days.

2. Plasma: Plasma is a liquid composite that holds blood cells in the whole blood.
After the centrifugation process, plasma is frozen and its temperature is
reduced to under -30 degree in one hour.

o Once plasma is centrifuged at high speed and concentrated up to 40 ml,
it is called cryoprecipitate.

Plasma itself and cryoprecipitate, each has a shelf life of 2 years.

3. Platelet: It is a composite that includes high incidence platelet ingredients of
whole blood. Main duty of the platelets is to stop bleeding vessel injuries. The
whole blood should be centrifuged in 24 hours; otherwise it loses its platelet

properties. Platelet has a shelf life of 5 days.

Some blood products are directly obtained from the donors using apheresis device.
The device filters the blood to take the desired components and sends the other
components back to the donor. Turkish Red Crescent gets platelets via apheresis

device and calls the obtained product as Aphaeresis platelets.



Irradiation is a process that ionizes the blood components to destroy all living
leukocytes. The products that are subjected to the irradiation process are referred to as

irradiated products. TRC is also responsible for the irradiation of the blood products.

The products are safely transported to the hospitals in special boxes without any

need for the refrigerator, in about 2 hours.

There are many issues while making transfusion. The most important issues are the
ABO group system and Rhesus factor, as the patient’s blood type and transfused blood
type should coincide. Although some blood types can receive blood of different types,
this is not applicable in today’s world. This can be applied in too rare cases such as
war, earthquake, and huge disaster. Therefore, ABO group system and Rhesus factors

for blood products should be considered in the blood supply chain system.

There are four groups in ABO group system: A, B, AB, and 0. A and B are the
names of the two proteins in the blood. If a person’s blood carries only protein A, then
blood type is A. If it carries only protein B, then blood type is B. If it carries both of
them, then blood type is AB. If it carries none of them, then blood type is 0.

There are two groups in the Rhesus factor: negative and positive. The name of the
blood type is determined by Antigen D in the blood. If a person’s blood carries Antigen
D, then blood type is called as positive, otherwise blood type is called as negative.
There are other antigens in the human body which are C, ¢, E and e. These antigens
are not generally considered while transfusing, but they have to be considered for some

patients while transfusing blood.

ABO group system and Rhesus factor have to be considered while transfusing red
blood cells, platelets, and whole blood. Although only ABO group system has to be
considered at the plasma transfusion, the Turkish Red Crescent also considers Rhesus

factor while plasma’s transfusion.



In this study we consider four major blood types (platelets, aphaeresis platelets, red
blood cells and plasmas), with four blood groups and two Rhesus factors for a total of

32 different products.

2.2 Foundations for Blood Supply Chain System in Turkey

In Turkey, the blood supply chain is organized by a government institution, the Turkish
Red Crescent (TRC) having five types of service centers: Regional Blood Centers
(RBC), Temporary Regional Blood Centers (TRBC), Blood Centers (BC), Blood
Stations (BS), Mobile Units (MU) and Transfusion Centers/Hospitals (H). TRBC, BC,
BS and MU take blood from donors. Hospitals can take blood from donors if RBC
permits. BSs and MUs send their blood to BC, and BC sends it to RBC. The
assignment between centers is fixed, and deliveries of blood are done according to
these assignments. Finally, RBC sends blood products to hospitals and TRBCs are
assigned to RBC. There is also possibility that blood products can be transferred within
the RBCs and hospitals.

2.2.1 Regional Blood Center (RBC)

The flow of blood from donor to patient is coordinated by the RBCs. The

responsibilities of the RBCs are listed below:

e to test blood
e to decompose the blood in its sub products
e to store them in appropriate conditions

e to make usable blood



e to distribute blood products to hospitals.

okesCorbis

Figure 2.2: Picture of unit blood

There are seventeen RBCs in Turkey. Their names and amount of collected blood
in 2016 are stated in Table 2.2. The number of blood centers, blood stations, and

provinces that are in one RBC region can be seen in Appendix A.
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Table 2.2: Regional Blood Centers in Turkey

Collected blood
amount in 2016

Number Name of the RBC Location (*Unit blood)
1 Aegean RBC [zmir 345,435
2 Europe RBC Istanbul- Bagcilar 238,531
3 Central Anatolian RBC Ankara 216,642
4 Central Mediterranean RBC Adana 191,242
S East Mediterranean RBC Gaziantep 153,851
6 South Marmara RBC Bursa 135,507
7 North Marmara RBC Istanbul - Kartal 123,563
8 West Black Sea RBC Diizce 114,452
9 Inner Anatolian RBC Kayseri 107,922
10 West Mediterranean RBC Antalya 103,665
11 Central Black Sea RBC Samsun 92,923
12 West Anatolian RBC Eskisehir 79,180
13 East Black Sea RBC Trabzon 58,101
14 South West RBC Malatya 57,787
15 East Anatolian RBC Erzurum 51,874
16 South Anatolian RBC Diyarbakir 39,066
17 South East RBC Van 32,024

*Unit blood is shown in Figure 2.2.
There is a blood center in each RBC except the ones located in Istanbul-Kartal,

Izmir, Ankara, and Malatya. The blood centers in these four RBCs are located at
different places. The location of RBCs on Turkey map can be seen in Figure 2.3.

11



Figure 2.3: Locations of the RBCs on Turkey’s Map

To satisfy the needs of the hospitals, each RBC generally uses the bloods which
are donated in their own region. In addition to this, the RBCs can transfer blood from
the other RBCs. They use special vehicles and planes to transfer blood products.

Each donated blood in a RBC has to be tested and used according to the results of
these tests. A sample from each donated blood is sent to one of the RBCs which are
located at Istanbul, Ankara, Izmir and Erzurum. The allocation of RBCs to these four
RBCs is fixed. These blood samples are sent by planes of Turkish Airlines. Turkish
Airlines offers free service for the Turkish Red Crescent. The results of these tests are
sent to the RBC in one day.

The RBCs in Turkey do not make any estimation for the number of donated and
needed blood. However, the ministry of health determines yearly and monthly goals
for blood donation. The blood donation organizations are planned according to these
goals. The RBCs have safety stock levels to manage the unpredicted demand for blood
products.

12



The RBCs are also responsible to satisfy blood product demands of the hospitals.
They use a software program to coordinate blood flow between RBCs and hospitals.
A hospital sends its demand to a RBC via this software program. The RBC determines
amount of demand to be satisfied and sends this information via the software program.
If the RBC cannot satisfy all demand of the hospital, then the RBC allows hospitals to
receive blood directly from the donors. The satisfied demands are sent by the vehicles
of the RBC. The distribution of the demand is done at predetermined time slots and
vehicle routes. Hospitals send urgent demands to the RBC. There are three ways of
supplying urgent demands. First way is sending directly to the hospitals. The RBC
must always hold a vehicle in the facility for the urgent demands. Second way is the
hospital sends a vehicle such as ambulance, commercial vehicle, bike, etc. to receive
blood from the RBC. Third way is sending demand by the vehicle routes. In this case,
vehicle first visits the hospital which has urgent demand, then visits the other hospitals

according to the vehicle route.

2.2.2 Temporary Regional Blood Centers (TRBC)

The TRBCs can receive blood donation and transfuse blood to patients. They do not
need to take permission from the RBC to receive blood donations. The TRBCs are also
hospitals and they use their own donated blood. They do not send their donated blood
to RBCs or other hospitals. They can also demand blood from the RBCs once needed.
There are 25 TRBCs in Turkey by the end of the 2016. The Turkish Red Crescent
wants to reduce the number of TRBC to zero since the Turkish Red Crescent wants to

control each donated and transfused blood.

2.2.3 Blood Centers (BC)

They are responsible for receiving blood donations and store blood and send them to
the RBC. They are organizing the mobile units. Collected bloods at blood stations and
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mobile units are sent to the BCs. They are stored at BCs since BCs have suitable depots
to store the blood. BCs normally do not distribute blood. However, BCs can distribute
blood to some hospitals due to farness of hospitals to the RBCs. This distribution of
blood products is also controlled by RBCs. There are 65 BCs in Turkey and each of
them is assigned to one RBC. Location of the BCs in Turkey map can be seen at Figure
2.4. Red points on maps shows the RBCs and the points which have the same colors
show the BCs that belong to the RBCs

@ ReC ST @

Other colors shows the BCs in the region of represented RBC

Figure 2.4: Location of the BCs on Turkey’s map
Some provinces in Turkey do not have any BC. These are depended to other BC.
The assignment of these provinces can also be seen in the Figure 2.5. Province which

does not have BC is shown by root of arrow and depended province is shown by arrow

head on the map.
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Figure 2.5: Provinces which does not have BC and depends on BC located in other province
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2.2.4 Blood Stations (BS)

Blood stations are responsible for taking blood donations. They send their donated
bloods to assigned BC. Like the BCs, they are organized and managed by the BCs.
The only difference of BS from mobile units is its fixed location. There are 44 BSs in
Turkey.

2.2.5 Mobile Units (MU)

Mobile units take bloods from the donors and send them to the BCs. They are

organized and planned by the assigned BC. Their assignment to the BC is fixed.

BCs have special teams to make operation plans for the mobile units. Mobile units
have to operate according to these plans. Mobile unit locations can be private or public
institutions and special vehicles in the crowded public places. The factors used in

planning the mobile units are listed below.

e Amount of blood can be collected (potential blood)
e Physical conditions to take blood

e Permission of institutions or municipality

Mobile units normally stay one day in a donation point. They can rarely visit two
points in one day. They can also stay at a donation point more than one day depending
on the quantity of potential blood collection. Special vehicles at mobile units return to
the BC or parked to next position of mobile units if their position changes. If mobile
unit location is far from the city center (such as some districts), then mobile unit teams
will stay at this location. A mobile unit is set in about half an hour.
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2.2.6 Transfusion Centers/Hospitals

The hospitals transfuse bloods to patients. In order to do this, they demand the blood
from the RBC, make necessary tests, and store on their depot. They can take blood
from other sources upon the permission of the RBC. In Turkey, there are about 1156
hospitals that take service from the Turkish Red Crescent.

The assignment of the hospitals to the RBC is fixed. Hospitals can demand blood
at any time. There are two types of blood product demand: routine demand and urgent
demand. Routine demands are for usually the hospital’s inventory for future use, i.e.,
the RBC does not need to satisfy it soon as possible. If the demand is routine, bloods
are distributed at predetermined time slots. Distribution of the demand must be done
according to distance and accessibility of hospitals to the RBC. The RBC sends the
amount of blood product units, to the hospitals. If the RBC gives a promise, then they
have to transport it in 24 hours. Hospitals rarely receive blood from the other hospitals.
Urgent demands are demands of blood product that have to be used in very short time
such as injured people in accident. In urgent demand, blood is supplied as soon as

possible by a vehicle.

Hospitals have to keep safety stock for the red blood cells and plasmas. They

cannot determine a safety stock for platelets due to its short shelf life.

TRBC, BC, BS and mobile units take blood from donors. Hospitals can take blood
from donors if the RBC permits. Blood stations and mobile units send their blood to
BC, and BC sends it to the RBC. The assignment between centers is fixed, and
deliveries of blood are done according to these assignments. Finally, the RBC sends
blood products to hospitals and TRBCs which are assigned to the RBC. There is also

possibility that blood products can be transferred between the RBCs and hospitals.
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Figure 2.6 shows the blood flow between these centers. It can be observed from
Figure 2.6 that TRBC, BC, BS and mobile units take blood from donors. Hospitals can
take blood from donors if the RBC permits. Blood stations and mobile units send their
blood to BC, and BC sends it to the RBC. The assignment between centers is fixed,
and deliveries of blood are done according to these assignments. Finally, the RBC
sends blood products to hospitals and TRBCs which are assigned to the RBC. There
is also possibility that blood products can be transferred between the RBCs and
hospitals.

Figure 2.6: Blood flow structure
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2.3 Information Flow Structure

RBCs are responsible for each BCs, BSs, mobile units, and hospitals in their region.
These relations between these centers are done according to the regulations. If a
hospital wants to have service from a RBC, they have to make contract with the RBC
and should obey to the rules of RBC. The BCs are responsible from BSs and mobile
units. They decide on their working plan. The following figure shows the information

flow structure of the blood supply chain in Turkey.

Figure 2.7: Information flow structure in Turkey

2.4 Collection of Blood

Blood donation is taken at BC, BS and mobile units. Bloods taken by BSs and mobile
units are sent to the BC. Assignment of BSs and mobile units to BC is fixed. Then,
BCs send collected bloods to the RBC. Detailed information about collection of blood

is listed as follows:
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Taken blood from BS and mobile units are collected to the BC in the following
two ways. First way, vehicle collects bloods by a route that starts at the BC,
visits blood donation points and returns to the BC. Second way, collecting
blood via mobile units that bring bloods to the BC when they are done.
Vehicle collects bloods by a route in the following situations.

o Only close points are visited.

o Ifblood inventory is not enough to satisfy demand, then blood donation
points are visited. Platelet is important since it must be disassembled
from whole blood in 24 hours. Otherwise, whole blood loses its platelet
features.

o Supply of bloods which have negative Rhesus factor is hard. Therefore,
a vehicle visits blood donation points if there are considerable amount
of negative Rhesus blood.

Collected bloods are held on special boxes and refrigerators. These holding
conditions do not change the shelf life of blood.

There is no defined time window for collecting the bloods from BS and mobile
units.

Vehicles collecting bloods can also distribute bloods to hospital, i.e., collection

and distribution of blood can be done by the same route.

There are 108 blood donation gain vehicles in Turkey at the end of year 2016.

Only one of them is owned by the Turkish Red Crescent and others are rental.

2.5 Distribution of Blood

The distribution management of the blood products is done by the RBCs. In general,

RBCs are responsible for distributing the bloods. In some cases, the BCs can distribute

blood to hospitals according to their location under the management of the RBC.

Information about blood distribution system in Turkey is listed below.

20



e Hospitals should determine their safety stocks and they should manage their
inventory accordingly. However, most of the hospitals do not have any stock.

e Hospitals can demand blood any time, but demands are distributed according
to hospital’s location.

e There are fixed routes for hospitals. Vehicles visits according to these routes.

e Start times of vehicles routes are fixed (the available times of the vehicles are
known and not subject to change).

e More than one vehicle can be used at the same time to distribute the blood.

e Urgent demands are directly supplied from the RBC. If a vehicle has urgent
and routine demands, then vehicle first visits the hospital which has urgent
demand and then visits the other hospitals.

e Bloods are distributed in the special boxes and thermal protectors to hold blood

in suitable temperature conditions.

2.6 Blood Flow Structure of Central Anatolian RBC

To understand the blood flow structure of the Turkish Red Crescent in a clearer way,
we focus on the Central Anatolian RBC that is responsible for seven provinces; namely
Ankara, Konya, Corum, Kastamonu, Kirikkale, Cankir1, and Karaman. There are 5 BC
and 6 BS in the RBC. There are 128 hospitals which are served by Central Anatolian
RBC; 66 from Ankara, 32 from Konya, 9 from Corum, 6 from Kastamonu, 4 from
Kirikkale, 2 from Cankiri, and 4 from Karaman. Five of them are also TRBC; 4 from
Ankara and 1 from Konya. The blood flow structure of the Central Anatolian RBC can
be seen in the following figure.
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Figure 2.8: Blood flow structure of the Central Anatolian RBC
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CHAPTER 3

PROBLEM 1 (P1): SOLUTION APPROACHES TO THE PROBLEM OF
BLOOD DISTRIBUTION IN THE TURKISH RED CRESCENT

In this chapter, we discuss about our first problem which is introduced in Chapter 1.
We start with discussing the literature and then we define the problem. Then, we give
its mathematical model and present proposed algorithms. Finally, we discuss the

results of our computational experiment.

3.1 Literature Review

Belien and Force (2012) present an extensive review of the literature on the supply
chain management of the blood products. The review classifies the studies according
to the type of blood product, problem type, solution method, hierarchical level, type
of approach (exact versus heuristic), performance measures, and practical
implementation/case studies. Another review of the blood supply chain is provided by
Osorio et al. (2015), where only quantitative models are considered and the main
features of each model pertinent to the supply chains are presented.

In this section, we present a review of the literature on supply chain management
of blood products based on the problem type. In our review, we categorize the studies
as inventory management, location and allocation, and distribution problems and we
list the studies in Table 3.1 which includes the problem type, blood product type,

hierarchical level, solution method, and practical implementation/case studies.

23



Inventory management studies

Gunpinar and Centeno (2015) studied the blood inventory management problem at
individual hospital level. They considered uncertain demand and proposed a robust
integer programming. A mathematical model for age-based transhipment problem for
blood banks inventory structure was developed by Wang and Ma (2015). They used
simulation operating scenarios and concluded that age-based policy under first-in-
first-transhipment reduces the expired rate efficiently. Puranam et al. (2017) studied
multi-period inventory management problem for red blood cells. They proposed a
dynamic algorithm to minimize the total inventory cost. Daskin and Coullard (2002)
studied the inventory management problem of platelets for the local blood bank in the
Chicago area and solved the problem by the Lagrangian-based approach.

Location and location-allocation studies

Rusman and Rapi (2014) worked on blood bank location model for Makassar City.
Their aim was to determine the location of blood banks so as to minimize the sum of
blood bank opening cost and delivery cost from blood banks to hospitals. Chaiwuttisak
et al. (2016) studied location-allocation problem for Thailand blood supply chain.
Kaveh and Ghobadi (2017) solved p-median location-allocation problem, where a
number of blood centers are located and allocated to hospitals to minimize total
distance. Sha and Huang (2012) studied multi-period location-allocation problem for
temporary blood locations to collect blood products in big earthquake cases. Another
multi-period location-allocation problem studied by Zahiri et al. (2014) considered
different blood collection scenarios. Jabbarzadeh et al. (2014) determined the location
of permanent and temporary blood collection facilities, distribution scheduling of

temporary blood collection facilities, and blood inventory levels at blood centers.
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Jacobs et al. (1996) studied the location problem for mid-Atlantic region of American
Red Cross by developing collection and distribution models. Alfonso et al. (2013)
focused on the planning of the mobile collection units in Auvergne-Loire Region in
France in order to minimize the total number of imported red blood cells from other
regions. In another study, Alfonso et al. (2014) studied the allocation of different
resource types to blood mobile and fixed site units. Ramezanian and Behboodi (2017)
worked on the location of permanent and temporary donation centers to design the
blood supply chain in Tehran, Iran.

Sahin et al. (2007) studied a hierarchical location-allocation problem for the
Turkish Red Crescent. They basically determined the location of regional blood
centers and blood centers and the allocation of the demand points to the pairs of
regional blood centers and blood centers with the aim of minimizing the total weighted
distance. Arvan et al. (2015) studied a supply chain network design problem by
determining the location of donation points and blood banks. A stochastic bi-objective
supply chain problem in disaster was studied by Fahimnia et al. (2017). Hsieh (2014)
studied a multi-objective integrated inventory management and location-allocation

problem for the blood banks.
Distribution studies

Distribution problems for blood products are rarely studied in the literature. Gregor
et al. (1982) studied the distribution strategies to determine the number of vehicles
used and inventory levels. They had three evaluation criteria: the number of emergency
orders, average response time to an emergency order, the number of routine surgeries
postponed. Hemmelmayr et al. (2009) studied the distribution problem of the blood
products for Australian hospitals so as to minimize the total travel time. Stochastic
nature of the same problem was considered by Hemmelmayr et al. (2010). Salehipour
and Sepehri (2012) also studied blood distribution problem with the objective of

minimizing the total waiting time.
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Sahinyazan et al. (2015) focused on a selective vehicle routing problem for blood
mobiles by considering the shuttles which collect blood from the bloodmobiles.
Another vehicle routing problem for blood mobiles was studied by Gunpinar and
Centeno (2016) by minimizing the number of blood mobiles and total distance

travelled.
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Table 3.1: Summary of the studies in our literature review

Reference Problem Type of blood Hierarchi Solution
type products cal level methodology
Alfonso et al. (2013) * Location Red blood cell RBC IP
Alfonso et al. (2015) * Location Red blood cell RBC IP
Chaiwuttisak et al. (2016) * Location Whole blood Supply IP
Allocation Chain
Daskin and Coullard (2002) Inventory Platelets RBC Lagrangian Relaxation
Location
Fahimnia et al. (2017) Location Whole blood Supply e-constrainted and
Allocation Chain Lagrangian Relaxation
Gregor et al. (1986) * Distribution Blood products RBC Simulation
Gunpinar and Centeno (2015) Inventory Red blood cell, Individual IP
platelets Hospital
Giinpinar and Centeno (2016) Distribution Whole blood Supply IP
Hummelayr et al. (2009) * Distribution ~ Other/Unknown RBC IP and VNS
Hummelayr et al. (2010) * Distribution Other/Unknown RBC IP and VNS
Jabbarzadeh et al. (2014) * Location Whole blood RBC IP
Allocation
Jacobs et al. (1996) * Location Whole blood Supply IP
Kaveh and Ghodabi (2017) * Location Blood products Supply Enhanced colliding
Allocation Chain bodies algorithm
Puranam et al. (2017) Inventory Red blood cell Supply Dynamic
Chain programming
Ramezanian and Behboodi (2017) Location Whole blood Supply IP
* Allocation Chain
Rusman and Rapi (2014) * Location Whole blood RBC IP
Allocation
Sahin et al. (2007) * Location Whole blood Supply IP
Allocation Chain
Sahinyazan et al. (2015) Distribution Whole blood Supply IP based heuristic
Selahipour and Sepehri (2012) * Distribution Blood products RBC IP and hybrid heuristic
Sha and Huang (2012) * Location Whole blood RBC Lagrangian Relaxation
Allocation based
Wang and Ma (2015) Inventory Blood products RBC Simulation
Zahiri et al. (2014) Location Whole blood Supply IP
Allocation Chain
Arvan et al. (2015) *** Location Whole blood, Supply IP
Allocation blood products Chain
Hsieh (2014) ** Inventory Whole blood Supply Genetic algorithm
Our Problem *** Distribution Blood products RBC Decomposition based
heuristic

IP: Integer Programming, VVNS: Variable Neighborhood Search
*: practical application, **: multi-objective
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In this study, we consider the allocation of the blood products along with their
distribution to the hospitals. Hence we consider a new category, distribution - product
allocation. Different from all other studies, we take irradiation centers into account in
our distribution network, which leads to precedence relations between nodes. We
inspired from Sahin et al.’s (2007) study, which considers a practical situation in the

Turkish Red Crescent and studies the hierarchical location-allocation problem there.

3.2 Our problem - the blood distribution system

Our observations on the blood supply chain system in Turkey have motivated us to
deal with the blood distribution system. We were inspired by a practical application
and tested the performance of our solution approaches in the real life problem

instances.

In the current blood distribution system, the RBCs should determine the amounts
to be shipped to the hospitals by considering its stock levels, demand and locations of
the hospitals, and deadlines of the demand. Currently, the amount to be shipped to
each hospital and the route to be followed by each vehicle are determined by the
worker and driver experiences without any systematic approach. Generally, the
vehicles first visit the urgent demand points and then the routine (non-urgent) demand
points, thereby leading to inefficient routes. Furthermore, some issues like availability
of the products and the vehicles, vehicle capacities, length of the distribution period
and maximum travel time of the vehicles are not considered by the RBC while

preparing the distribution plan.

Our problem can be viewed as a multi-period blood distribution problem where the
urgent demands and routine demands are considered simultaneously. Blood products

can be irradiated or non-irradiated (normal), and are distributed from the RBC in three
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different periods of a day. Hence, we solve three sequential single-period vehicle
scheduling problems, starting from period 1, and apply rolling-time horizon approach
where the solution of the vehicle scheduling problem for a distribution period is used
as an input for the next distribution period. We treat the unsatisfied routine demand of

a distribution period as a new demand for the next distribution period.

In the blood distribution system of a single period, we have a set of vehicles
available at the RBC to deliver blood products through a set of routes to a set of
demand points, i.e., hospitals. The irradiated products are first delivered to the
irradiation centers and then to the hospitals. We call these irradiation centers and
hospitals as nodes and define a vehicle route as a sequence of visited nodes. Figure 3.1
illustrates a distribution system in a period for a case where there are eight hospitals,
one irradiation center, and two vehicles. The first vehicle is loaded with the normal
demand of hospitals 3, 6 and 7. It first visits hospital 7 and then goes to the hospitals
6 and 3 in its route and returns to the RBC. The second vehicle is loaded with the
normal demand of hospitals 1 and 2 and the blood products to be irradiated for the
hospitals 2 and 3. This second vehicle first visits hospital 1, and then goes to the
irradiation center at which the blood products for hospitals 2 and 3 are irradiated. Then,
the second vehicle visits hospital 3 and unloads the irradiated products of this hospital.
Finally, hospital 2 is visited by the second vehicle, and the normal and irradiated
products of this hospital are unloaded. The route of the second vehicle finishes at the
RBC. As it is seen from the figure, the demand of hospitals 4, 5 and 8 are not satisfied
within the distribution period.
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REC: Regional blood center

H: Hospital

IC- Trradiation center

N Normal demand of hospital 7 to be satisfied
I Demand of hospital 7 to be irradiated

I;: Irradiated demand of hospital i

Route of vehicle 1

=== Route of vehicle 2

-------

Q)

O

ooooooo

Figure 3.1: Distribution system in a period

3.3 Mathematical model

In this section, we present the mathematical programming formulation of our blood
distribution problem. We solve the problem over a distribution period of pre-specified
length. We assume that there are N + 1 nodes, where one node is for the RBC, IC
nodes are for the irradiation centers and the remaining N — IC nodes are for the
hospitals. Among these nodes (i = 0,1,...,N), i = 0 is the regional blood center
(RBC), i = 1,2, ...,1C are for the irradiation centers,and i = IC + 1,IC + 2, ..., N are
for the hospitals. U is the set of hospitals with urgent demands (there are |U| hospitals

inU).

The travel time between nodes i and j is T;; time units. a; and b; are the quantity

independent and per unit loading and unloading times for node i, respectively. w; is

30



the weight of hospital i indicating its relative importance. DD; is the deadline for

hospital i.

There are P product types, and A,, units of product p (p = 1,2,.., P) are available
at the RBC. The amount of normal product p demanded by hospital i is D;,,, and the

amount of irradiated product p demanded by hospital i is 1D, units.

There are V vehicles, carrying blood products, with identical speed and different
capacity. Carrying capacity of vehicle v (v = 1,2,..,V) is C, units. Vehicle v becomes
available at time EA,, and remains continuously available. Each vehicle starts and ends
its route at the RBC. The maximum travel time of vehicle v is MT,, time units. Hence,
the maximum of the MT,, values is an upper bound on the length of the distribution

period.

We make the following additional assumptions to construct the mathematical

model:

e All parameters are known with certainty and not subject to any change, i.e.,
the system is deterministic and static.

e Each vehicle can visit each node.

e Each node can be visited by more than one vehicle.

e Blood products to be irradiated are first delivered to the irradiation centers and
then to the hospitals.

e Irradiation centers are always available.

e Urgent demand of a hospital should be satisfied fully before the deadline.
However, routine demand of the hospitals might be unsatisfied or partially
satisfied.

Our problem is to deliver blood products (normal and irradiated) via a set of

vehicles to a set of hospitals within the distribution period. Thus, N is an upper bound
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on the number of positions (nodes) visited on each vehicle route, where k is an index

for positions (k = 1,2, ..., N) in this route.
Decision variables:

Yo = {1 if vehicle v visits node i at position k of its route
v =10 otherwise

Rip, = Amount of normal product p carried to hospital i by vehicle v

IR;j,», =Amount of irradiated product p processed by irradiation center j (j =
1,...,1C) and carried to hospital i (i = IC + 1,IC + 2, ..., N) by vehicle
v
1 ifirradiation center j is used to process the demand of

Yiip = hospital i carried by vehicle v
0 otherwise

Six» = Arrival time of vehicle v to node i at its k" position of its route

T;; = Travel time between nodes i and j

Obijective function:

We consider two objectives in hierarchy: first maximizing the total weighted
demand satisfied, z; = Xy_y 2h 1 Xilices Wil Ripw + Xj%1 IRijpi)  and  then

minimizing the total travel time, z, = X\_,XIL, T}.

Among the solutions with the maximum satisfied demand, we select the one with
the minimum total travel time. In doing so, we create the following composite
objective function where the second objective is weighted by a sufficiently small

positive coefficient e.
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_ _ N Ic
Maxz =z, — €z, = 21]::1 Z£=1 Zi=1c+1 Wi(Ripv + Zj=1 IRijpk)

—€ Z?:o Z?]:o Ti’j (3.1)

The coefficient € should be set small enough so that the amount of satisfied demand

should not decrease even for the largest possible value of the total travel time. That is,
z; — ez > z7 — 1 — gziMn (3.2)

where zI*" and z*** are the minimum and maximum possible total time values,

respectively. This follows;

1> gzita* — gzmin (3.3)
1
e< W . (34)

As z"" and zI"%* values are not known, we use the respective lower and upper
bounds, in their places. On the total time travelled, we use a lower bound LB, and an
upper bound UB, in place of zJ*" and z***, respectively, and set & according to the

following equation

g=—0 (3.5)

T UBy-LBy+1’

It is clear that UB, is the total of the maximum travel times of the vehicles. Thus,

the following formula is used to obtain UB,:
UB, = Y-o(MT, — EA,). (3.6)

Recall that we assume at least one hospital must be visited in a vehicle route and
this hospital is the closest one to the RBC and the vehicle immediately returns to the

RBC. Thus, the following formula is used to obtain LB,:

LBy = _ . min_  {Toj+Tjo) (3.7)
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Constraints:

>N Xiw <1 fork=12,..,N;v=12,..,V (3.8)
SN Xiksrw < 2t Xikw fork=12,..,N;v=1.2,..,V (3.9)
=1 2=z Xokv = Dieo 2p=1 Xizv (3.10)
SN kX SSN k- Xopy fOri=12,..,N;v=12,..,V (3.11)
Yh=1(Ripy + Xj%1 IR ) < (Bp=1(Dip + IDip)) Tz Xiko
fori =1I1C+1,IC+2,..,N;
v=1.2,..,V (3.12)
=1 Ripy < Dy fori =I1C+1,IC +2,...,N;
p=12,..P (3.13)
pe1 251 IRjpy < 1Dy, fori=1I1C+1,IC+2,..,N;
p=12,..P (3.14)
Y1 Xiicii(Ripy + X1 IRyjpy) < Ay forp=12,..,P (3.15)
P I e (Ripw + 21 IRjpy) < €, fOrv=12,..,V (3.16)

legzlxikv + 21]¥=1Xjkv = Z(Yijv + legzlxikv - 1)

fori=I1C+1,IC+2,..,N;j=1.2,..,IC;
p=11Dip > 050 =12,..,V (3.17)
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Sy = (To; + EAY) Xiry fori=12 .., Njv=12, ..,V (3.18)

Sjkv = Si,k—l,v + (ai + bi Z§=1(Ripv + ij:l IRij'pv)) + Tij -

|ai + b 25-1(Dip + ID,) +maxtMT, 3| X (2 = Xijo10 = Xiiow)
fori=1C+1,IC+2,..,.N; v=1.2,..,V,
j=12,.,N;i#j;k=12,..N (3.19)
Sitew 2 Sije—10 + (@i + by X oy Xb_ IRy ) + Tij —
|ai + by Bir_y Xy 1Dy + max{MT 1} X (2 = Xiger0 = Xj)

fori =1,2,..,1C;j =12, ..,N;i # j;

k=12, ..N;v=12..V (3.20)
Nork X = X1k Xjgw — N(1— Yy,

fori=I1C+1,IC+2,..,N; ZS:lIDip > 0;

j=12..,IC;v=12,..,V (3.21)
Sikw < DD; fori=IC+1,IC+2,..,N;k=12,...N;
v=12,..,V (3.22)
Sory < MT, fork=12,..,N;v=12..,V (3.23)
ZP:llRi' v .
%Tm’;snjv fori=IC+1,IC+2,..,N;¥b_,ID;, > 0;
j=12,..,IC;v=12,..,V (3.24)

T 2 Tij(Xiko1p + Xjiw — 1) fori,j=01,..,N;j#i;k=23,..,N;
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v=12,..,V (3.25)

To; = TojXj1 forj=12,..,N;v=12,..,V (3.26)
Yv=1Ripy = Dy fori=IC+1,IC+2,..,N;p=12,...,P;
i€eU (3.27)

Y1 XS Rijpy = 1Dy fori=1IC+1,IC+2,..,N;p=12,..,P;

i€U (3.28)
Xiw Yij € {0,1} fori=01,..,N; k=12,..,N;

v=12,..,V;j=12,..,IC (3.29)
S T{j 2 0 fori,j=01,..,N; k=12, ..,N;

v=12..V (3.30)

Ripv, IR;jpy = 0 and integer fori =I1C +1,IC+ 2,..,N;j =1,2,...,IC;
p=12..,Pv=12..V (3.31)

Constraint set (3.8) guarantees that each vehicle visits at most one node in any
position on its route. Constraint set (3.9) ensures that if a node is assigned to a position,
then there must be an assignment to the previous position. Constraint set (3.10) states
that the total number of vehicles departing from the RBC is equal to the total number
of vehicles used. Constraint set (3.11) guarantees the RBC is visited as the last node
by all vehicles. Constraint set (3.12) ensures that the demand of a hospital can be
satisfied by a vehicle that visits the hospital. Constraint sets (3.13) and (3.14) state that
the amount of products carried to the hospitals does not exceed the normal and
irradiated demand, respectively. Constraint set (3.15) guarantees that the amount of

products carried is limited by the amount available at the RBC. The capacities of the
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vehicles are considered in Constraint set (3.16). Constraint set (3.17) ensures that if
the demand of a hospital is processed by an irradiation center, then the hospital and
the irradiation center should be visited by the same vehicle. Constraint sets (3.18),
(3.19), and (3.20) calculate the arrival time of vehicle v visiting node i in the first
position, the next node after leaving node i, and the next node after leaving irradiation
center i, respectively. Constraint set (3.21) guarantees that a hospital with demand for
the irradiated products should be visited after the irradiation center serves to this
hospital’s demand. Constraint set (3.22) ensures that the arrival time of the vehicle to
hospital i should not exceed the deadline imposed by the hospital. Constraint set (3.23)
guarantees that the arrival time of the vehicle to the RBC does not exceed its maximum
travel time. Constraint set (3.24) assigns hospital i to irradiation center j if the hospital
i is served by irradiation center j. Constraint set (3.25) calculates the travel time
between two successive nodes visited by a vehicle. Constraint set (3.26) calculates the
travel time between the RBC and the first visited node. Constraint sets (3.27) and
(3.28) guarantee that the urgent demands and irradiated urgent demands are satisfied.
Constraint sets (3.29), (3.30), and (3.31) represent the binary, non-negativity, and

integrality restrictions, respectively.

We now present some properties of the optimal solution whose incorporation (via
additional constraints) may reduce the size of the search space, hence improve the
efficiency of the MILP. Below, we state each of these properties and their associated

constraints.

Property 1: If any hospital’s irradiated product demand is satisfied by any vehicle,

then this vehicle cannot visit the RBC in the second position of its route.

Xoaw <2 =Y, — Xirq Xipry fori=IC+1,IC+2,..,N;

U

j=12,..,IC;v=12..,V  (3.32)
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Property 2: If any hospital’s irradiated product demand is satisfied by any vehicle,
then this vehicle cannot visit this hospital in the first position. In other words, the

irradiation center is visited before all hospitals served by that center.
Xy < 1Y fori =1I1C +1,IC+2,...,N;
j=12,..,IC;v=12,..,V (3.33)

Property 3: The position of an irradiation center in the visiting sequence of the
vehicle is less than the number available positions minus one plus the number of

hospitals served by this irradiation center.
K1 kX <K — (14 XN 041 Yijo)

forj=1,2,..,I1C;v=1.2,..,V (3.34)

Property 4: A vehicle cannot visit the RBC at position 1.
Z¥=1Xo1v =0 (3.39)
Any hospital cannot be visited at the final position.
v=1 212 1c41 Xikw = 0 (3.36)
Any irradiation center cannot be visited at position K—1.
%4

=121 Xjk-10 = 0 (3.37)

If the earliest arrival time of a vehicle to any hospital at any position is greater than

the deadline of the hospital, then the hospital cannot be visited after this position.

Nk X'y =0 fori=I1C+1,IC+2,..,N;v=1.2,..,V;
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k=12, .., K;EA, + Y-y Ajp — a; > DD;  (3.38)

where 4; = min{T}; + a;} and A; values are arranged as Ay} < -+ < Ay
J

We add (3.35) through (3.38) as each equates to zero and obtain the following

constraint set.

E=1X01v + ZK:l Z?’:lXiKv + ZE:l Z§C=‘1 Xj,K—l,v +

vV vN K K o
v=1 Zi=1C+1 k=1 and (EA];+Z{C=1 Al—al-)>DDl~ Zk,=k Xlk"l? o O (339)

Our mathematical model is explained by the objective function (3.1) and the
constraint sets (3.8) through (3.34), and the constraint (3.39).

3.4 Proposed heuristic algorithms
The size of the MILP model increases exponentially with an increase in the number of
nodes or vehicles. We verify by computational tests that the model cannot solve even

small sized problem instances. Recognizing this, we present two decomposition-based
heuristic algorithms. Below are the detailed descriptions of our heuristic algorithms.

39



3.4.1 Decomposition-based heuristic algorithms

Our heuristic algorithms that decompose the problem into sub-problems involve five
phases: Finding Eligible Vehicles for Hospitals, Finding an Initial Solution (Vehicle
Schedule), Improvement by Inserting Nodes to Vehicle Routes, Building a New Vehicle
Schedule by Perturbing the Current Solution, and Improvement by Swapping
(Pairwise Interchanging) Nodes. The algorithms only vary by their phase flows. We
use a predetermined critical load ratio (CLR) to improve the chance of assigning one
vehicle to the hospital. The heuristics start with critical load ratio (CLR) of 0. NI is the

number of iterations used by the algorithms.

We round up all product quantities (R;,, and IR;jy,, values) returned by the
heuristic algorithm to their upper integer values. If the solution is not feasible with
rounded R;,, and IR;j;,, values, we reduce the shipment to a hospital with the

minimum weight by one unit until feasibility is maintained.

The flowcharts of the heuristic algorithms 1 and 2 are given in Figures 3.2 and 3.3,
respectively.
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Figure 3.2: Flowchart of the Heuristic Algorithm 1
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Figure 3.3: Flowchart of the Heuristic Algorithm 2

Once we relax the integrality requirements on all binary variables, the resulting
linear programming (LP) model makes product assignments to the hospitals. To
describe this LP model, so called Model M1, we use the same parameters and decision
variables of our original model and introduce a new parameter (Z;,,) and two decision

variables (UC}, UC,)) as defined below:
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7. = {1 if hospital i can be assigned to vehicle v
0 otherwise

UC; = Capacity over-usage (deviation) of vehicle v from the average capacity

usage of the vehicles

UC,, = Capacity under-usage (deviation) of vehicle v from the average capacity

usage of the vehicles

Model M1 becomes:

(M1) Max z = ¥=1 ZS=1 2?’=IC+1 Wi(Ripv + 5211Rijpk) -

£Xy=1(UCH +UCy) (3.40)
Subject to
Constraints (3.13, 3.14, 3.15, 3.16, 3.27, 3.28) and
Yp=1(Ripy + ZjS1 IRijpy) (1 — Zi) = 0
fori=IC+1,IC+2,..,N;jv=12,..,V (3.41)

S:l Z?=1C+1(Ripv + Z§C=1 IRijpv) - UC; + UCv_ =

\4 P N IC
2y b B (R +ZIE IR

%4

i) o = 1,2,..,V (3.42)

Ripy, IRijpyy UCH, UC; =0 fori=IC+1,IC +2,..,N;

v=12..V (3.43)

Our primary objective (3.40) is to maximize the total weighted demand satisfied.
The total capacity usage deviation is minimized as the secondary objective weighed

by a very small positive number e = 0.001. Constraint set (3.41) ensures that a vehicle
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cannot visit a hospital if it is not in the hospital’s set of eligible vehicles. Constraint
set (3.42) calculates the capacity usage deviations of the vehicles. Constraint set (3.43)

ensures non-negativity of the variables.

Note that Model M1 can be solved in polynomial time since it is an LP. It returns
Ry, and IR;;p,, values explicitly and, the assignment of nodes to the vehicles and

hospitals to the irradiation centers implicitly.

Given the allocation of the products to the hospitals and vehicles by Model M1, the
new problem turns into VV independent single-machine sequence-dependent scheduling
problems with additional precedence and fixed-position restrictions. We construct a
mixed integer linear programming model (MILP) where the minimization of the total
tardiness is the primary objective and the minimization of the total travel time is the

secondary objective by weighing it with a very small positive number € = 0.001.

We use Ry, and IR;jy,, values returned by Model M1 to find the total loading and

unloading times (LO;,,) for each node as:
LOy = a; + b X1 Lbey IRy fori=12,..,1C;
v=12,..,V (3.44)
L0y = a; + by Xh_1(Ripw + X1 IRijpy)
fori=I1C+1,IC+2,..,N;
v=12..,V (3.45)

We define the following additional sets, parameters and decision variables for our
MILP Model M2,

Additional sets and parameters:
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NO,, = Set of nodes (including the RBC) assigned to vehicle v
|NO,| = Total number of nodes assigned to vehicle v
1 ifirradiation center j is used to process the demand of

Y = hospital i
0 otherwise

LO; = Total loading and unloading time for node i
Additional decision variables:

1 if vehicle visits node i at position k
0 otherwise

XXy = {
Sir = Arrival time of a vehicle to node i at position k
TA; = Tardiness of node i

Model M2 becomes:

(M2) Min z = Yieno, TAi + € Xjeno, Zieno, Tij (3.46)
Subject to

Yieno, XX = 1 fork =1,2, ..., |NO,| (3.47)

YN0l XXy = 1 fori € NO, (3.48)

Sy = (Ty; + EA)XX,, fori € NO, (3.49)

Sjik 2 Sik-1 + LO; + Tij — (LO; + Ty + MT,) X
(2 = XX;x-1 — XXji,) for i,j € NO; i # Jj;

k=12,..,|NO,| (3.50)
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YN0l 5. — DD; < TA;

Sow, — MT, < TA,

S ke XXy 2 Yy

XXO,INOUI =1

T/ = Tyj(Xipo1 + XX
To; = TojXXj1

XX €{0,1}

Sy =0

The objective (3.46) is to minimize the total tardiness while selecting the solution
with minimum total travel time where we set ¢ to 0.001. Constraint sets (3.47) and
(3.48) represent the assignment constraints for node and positions in the vehicle route,
respectively. The arrival time of a vehicle to node i in the first position and visiting
node j immediately are found by constraint sets (3.49) and (3.50). The tardiness values
of the hospitals and the RBC are calculated by constraint sets (3.51) and (3.52).
Constraint set (3.53) guarantees that the hospitals with irradiated demands should be
visited after the irradiation center. Constraint set (3.54) assigns the RBC to the last
position. Constraint set (3.55) calculates the travel time between two successively
visited nodes, whereas the constraint set (3.56) calculates the travel time between the
RBC and the first visited node. Constraint sets (3.57) and (3.58) represent the binary

fori e NO,;i # 0

N - XX, fori € NO,;i # 0;

j=12,..,IC;i#]

—1) fori,j € NO,;j # i;

k=23 .. |NO,|
forj € NO,
fori € NO,; k = . INO,|
fori € NO,; k = . INO,|

and non-negative variables, respectively.
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For each vehicle route, if the total tardiness returned by Model M2 is zero, then it
is an optimal solution for the first objective function z; of the original problem for
continuous Ry, and IR;;,, Vvalues; otherwise, the solution of Model M2 provides a

promising route for this vehicle.

Finding an optimal solution to Model M2 might require exponential effort due to
the existence of the binary variables. Recognizing this fact, we aim approximate
solutions, hence we develop a heuristic procedure. Recall that, Model M2 is similar to
the single-machine tardiness problem with sequence-dependent setup times for which
an lterative Local Search (ILS) algorithm is proposed by Arroyo et al. (2009). We
modify this algorithm in the following ways, and use its solution instead of solving
Model M2 directly:

e We set the RBC to the end of the sequence.

e We set the objective function value to a sufficiently large number if any
precedence constraint between an irradiation center and a hospital is not
satisfied.

e We set the due date of the irradiation centers to a sufficiently large number and
the due date of the RBC to the maximum travel time.

e We consider the total tardiness and the total travel time simultaneously.

e |f the deadlines of all assigned hospitals are greater than the maximum travel
time of the vehicles, then we consider only the total travel time and use the
nearest-neighbor heuristic (NNH) that is proposed for solving the travelling
salesperson problem.

e We use different number of iterations (NIMILS) and runs (NRMILS) and “a”
value (AlphaMILS) in our modified ILS algorithm.

One can observe that given the vehicle routes, our original problem can be modelled

as an LP. Using this fact, we take vehicle routes, i.e., XX;, values, returned by the
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modified ILS algorithm and transform them to X;;, values to be used as parameters
for Model M3 below:

(M3)Maxz =Yy X5 1 X ey wi(Ripw + Y, IR;jpk) (3.59)
Subject to

Constraints (3.13, 3.14, 3.15, 3.16, 3.22, 3.23, 3.27, 3.28) and
h_1(Ripw + 2% IRijpw) (1 = T Xy ) = 0
fori=1I1C+1,IC+2,..,N; v=12,..,V (3.60)
Sity = (To; + EAL) Xi1p fori=12,..,N;v=1.2,..,V (3.61)
Stew = Sik-1,0 + @i + by Xpo1(Ripw + X121 IRijpy) + T
fori=I1C+1,IC+2,..,N;j=0,1,..,N;
i jiv=12.,V;k=12,..,|NO,|;
Xikw = Xig-10 =1 (3.62)
Sitew 2 Sije—1p + Qi + by X o1 Xbe1 IRty + T
fori =1,2,..,IC; j=1,2,...,N;
v=12..,V,;i+#]j;
k=12,..,|NO,|:
Xiky = Xig-10 =1 (3.63)
SP IRy =0 forj=12,..,1Ci=IC+1,IC +2,..,N;

v=12..V;
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Tl ke - Xy < T ke - X (3.64)
Rl-p,,, IRijp,,, Siky =0 fori=01,..,N; p=1.2,..,P;
j=12,..,1C;v=12.."V;
k=12, .., |NO| (3.65)

Objective function (3.59) is maximizing the total weighted demand satisfied.
Constraint set (3.60) guarantees that if the vehicle does not visit a hospital, then it
cannot deliver any product to that hospital. The arrival time of a vehicle to node i if
this node is visited in the first position of its route, if node j is immediately visited
after hospital i, and if node j is immediately visited after irradiation center i, are
calculated in constraint sets (3.61), (3.62), and (3.63), respectively. Constraint set
(3.64) ensures the amount of irradiated product p carried to hospital i from irradiation
center j by vehicle v should be zero, if irradiation center j is visited after hospital i.

Constraint set (3.65) represents non-negative variables.

Model M3 is an LP model, hence can be solved in polynomial time. After solving

M3, we modify the objective function (3.59) by adding the term ¥.3_, )., T;;, which

is a constant since vehicle routes are known in advance. That is, we have
Max z = Zg=1 ZS=1 ZQV=IC+1 Wi (Ripv + Z§21 IRijpk) -
€ Z?’:o Z’i"zo Ti’j (3.66)

We now give the detailed description of five phases of the heuristic algorithms.
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Phase 1: Finding eligible vehicles for hospitals

In this phase, we aim to find a good initial solution. In doing so, we group the hospitals
by their locations and assign them to the vehicles. We get the inspiration from Ochi et
al. (1998).

We first estimate the angle for each hospital pairs where the origin point of the
angle is taken as the RBC, wusing the cosine law (Angle; =
arc cos{(Tg; + T¢; — T7)/(2TsTo;)}). Based on the angle values among all hospital
pairs, we determine two leading hospitals with the maximum angle. For each
unselected hospital, we determine the sum of the angles from the leading hospitals.
We select the hospital with the maximum angle sum as the next leading one. We

continue until all V leading hospitals are selected.

We assign the remaining hospitals to VV groups of leading hospitals by considering
the critical angle (= 180/(V + 1)) and the critical time (CT), which is found by
multiplying the time ratio for eligibility set (TRES) and the average travel time between
RBC and hospitals. If the angle between an unassigned hospital and a leading hospital
is smaller than the critical angle or the travel time between the RBC and this
unassigned hospital is smaller than the critical time, then we assign this hospital to the

leading hospital group.

For each hospital group, we find the maximum travel time of the hospitals in the
group from the RBC. We sort the hospital groups in descending order of those
maximum travel times. In case of ties, we give priority to the group with the highest
total demand. For each vehicle, we determine the total available time which is the
difference between MT, and EA,. Similarly, we sort the vehicles in descending order
of their total available times. In case of ties, we give priority to the vehicle with the

larger capacity.
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Starting from the first hospital group in the sorted list, we assign each hospital group
to the vehicle in the same position of the sorted list of vehicles. For each hospital i in
a group of hospitals, we set its eligibility parameter Z;,, to 1 if this group is assigned
to vehicle v. This process is carried out for all hospitals with routine demand; however,
all vehicles are assumed to be eligible for all irradiation centers and hospitals with

urgent demand.

Phase 2: Finding an initial solution

We observe that the solutions of Model M1 and M2 may not be feasible for Model M3
due the deadline and maximum travel time constraints. To ensure a feasible solution

for Model M3, we propose this phase.

We solve Model M1 and calculate the loading ratio (LR;,,) for each hospital and

vehicle pair as follows:

IC
_ 25:1(Ripv+2j=1 IRijpv)
RN P IC
Y S i(Ry,,+ZIC, IR

LR;, (3.67)

ipv i jpv')

where the numerator is the total amount of product carried by vehicle v to hospital
i, and the denominator is the total amount of product carried by all vehicles serving

hospital i.

Among all the hospital and vehicle pairs, we take pair (i, v") which gives the
minimum loading ratio. If this ratio is smaller than the critical load ratio (CLR), then
we set vehicle v’ as ineligible for hospital i’. We resolve Model M1 and continue the

process above until the minimum loading ratio is greater than CLR.

We use the modified ILS algorithm, in place of solving Model M2, to calculate the
required parameters for Model M3. Next, we solve Model M3. If the solution is

infeasible, then we select a vehicle route with the maximum tardiness value, and
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determine a hospital which is the furthest hospital (found heuristically) from the other
hospitals on the same vehicle route. Otherwise, we apply Phase 2 until a feasible
solution for Model M3 is found. Finally, we set this feasible solution as the
Local_Solution and the Global _Solution since this feasible solution is the first solution

to the original problem.

Phase 3: Improvement by inserting nodes to the vehicle routes

This phase tries to improve the solution by inserting additional nodes to the current
vehicle routes since the value of our primary objective may increase as the number of

assigned nodes increases.

We start by selecting a random node i’ and a vehicle v’ where i’ is not already
assigned to v’ and this node-vehicle pair may improve the Local_Solution. Among all
the possible positions in the vehicle route v’, we randomly select IPOS number of
insertion positions and calculate the travel time increase (TTI) for each selected

position k as follows:
TThe = Tr(g—10),' + Tit pkew”) = Tr(k—1.0").5 (k") (3.68)

where f(k,v") is the hospital which is assigned to position k of vehicle v'. Then,
we select the position k" which gives the minimum TTI value, and update our vehicle
route v’ by inserting node i’ to position k'. Furthermore, we calculate the fitness value
with the procedure given below and continue the process above until all possible node-

vehicle pairs are examined.

We sort the solutions obtained by the process above in descending order of their
fitness values, and put the first NAS3 number of solutions into a temporary set of
solutions. Starting from the best solution in this temporary set, we solve Model M3

and apply the unprofitable node elimination procedure given in Section below for all
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the members of the temporary set. For the first time when the objective function value
returned by Model M3 for one of the solutions in the temporary set is better than that
of the current Local_Solution, we replace the current Local_Solution with the new
solution and repeat Phase 3 without solving the remaining solutions from the
temporary set. If the objective function values returned by Model M3 for all solutions
in the temporary set are not better than those of the current Local_Solution, we update
the Global_Solution if the objective function value of the current Local_Solution is
better than that of the current Global_Solution.

Fitness value calculation

Solving Model M3 many times may require excessive amount of computation time. In
place of solving Model M3, we propose a method to find a powerful estimate (fitness)
on its objective function value. In doing so, we first calculate the estimated values of

R;,, by dividing hospital i’s demand for normal product p to the total number of

vehicles visiting hospital i, and /R;,,, by dividing the hospital i’s irradiated demand for

ijpv
product p to the number of irradiated center visited before hospital i. Using these

and R,

estimated R; v

ipv values, we check the product availability constraints, the
vehicle capacity constraints, and the time related (deadline and maximum travel time)
constraints. If one of these constraints are not satisfied, we calculate the amount of

violations:

e Product availability violation: Sum of all violation amounts due to the

product availability constraints is as given below:
PAV = ZS:l max{25=1 ZIiV=IC+1(Ripv + §C=1 IRijpv) - Ap ’ 0} (3-69)

e Vehicle capacity violation: Maximum of the difference between the total
demand satisfied and the total vehicle capacity, and the sum of all vehicle

capacity violation amounts, is as given below:
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Zg=1(25=1 Z§\1=IC+1(Ripv + ZﬁlIRijpv) - C,,),
pA max{zgzl Z?{:IC+1(Ri'p1J + §C=11Ri'1'1917) — Gy, 0}

where i’ is the set of hospitals served by one vehicle only.

vev = max{ } (3.70)

e Time related violation: Maximum of the sum of the maximum deadline
violations of all vehicle routes, sum of the maximum travel time violations of
all vehicle routes and the difference between the total required time and the
total vehicle availability time for all vehicle routes, is as given below:

Yy-1max(MA; — DDy, 0)
TRV = max|yV_ max(MR, — MT,,0) (3.71)
TTR — ¥V_,(MT, — EA,)

where

e i’ isthe set of hospitals which are visited by vehicle v.

e MA; (MR,) is the minimum arrival time of a vehicle to hospital i’ (RBC),
which includes EA, values, sum of travel and constant loading/unloading
times at all nodes that are visited before hospital i’(RBC), and all variable
loading/unloading times of nodes that are served only by that vehicle and
visited before hospital i’ (RBC).

e TTR is the sum of all travel times, constant and variable loading/unloading
times of all vehicle routes.

We calculate the estimated value for the objective function as follows:

\[//:1 25=1 Z§i16+1 Wi (Ripv+ ZJI:CI IRijpv —& Zﬂyzo Z?’:O Tl,j
—max {mjn(wi) X PAV, min(w;) X VCV, min (%) X TRV} (3.72)
i i 2 i

where T}, is the travel time between nodes i and j,
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b; + b, if irradiation center i’ is used to process the demand of
b; = hospital :
b; otherwise

and Z?’:o >No T}; is a constant since vehicle routes are known in advance.

Procedure for deleting unprofitable node

If Model M3 returns a solution such that any hospital is visited with no service, we
drop this hospital and resolve Model M3. If no such hospital exists, then we terminate

the procedure.

Phase 4: Building a new vehicle schedule

The current Global_Solution may be a local optimal so that no further improvements
could be achieved. In order not to get stuck in a local optimal solution, the current
solution is perturbed either by removing a node from a vehicle route or interchanging

two nodes in different vehicle routes.

We first calculate PV,, values for each node k in vehicle route v of the
Global_Solution, assuming that node k is between nodes i and j, as follows:

PV, = min (

Wi’
i"=IC+1,..,.N \byr

) X (Tik + Tk} + ai — TU) — Wg X PCkv (373)

1

where PCy,, is the amount of products carried to node k by vehicle v, and the
maximum weight of the hospitals which are visited after an irradiation center by

vehicle v is used as the weight for this irradiation center.

If the Global_Solution is updated in the current iteration, then we calculate the
difference between the maximum travel time and the arrival time to the RBC for each
vehicle, select the vehicle(s) giving the minimum difference, determine a node with

the maximum PV, value among vehicle(s) with the minimum difference, and remove
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this node from its vehicle route. Otherwise, we randomly select two vehicles,
determine a node with the maximum PV, value in each vehicle, and pairwise
interchange these two nodes. Finally, we replace the Local_Solution with the solution

obtained by the process above.

Phase 5: Improvement by swapping (pairwise interchanging) nodes

This phase improves the solution by swapping two nodes in three ways, (1) between
the vehicle routes, (2) within a vehicle route, and (3) between a node in a vehicle route

and a node which is not in any vehicle route.

We randomly select two nodes that may provide better solution by using three ways
mentioned above. We update our vehicle routes by interchanging the selected nodes
and calculate the fitness value by the Fitness Value Calculation procedure and continue

the process above until all possible node pairs are examined.

We sort the solutions obtained by the process above in descending order of their
fitness values, and put the first NAS5 solutions into a temporary set. Starting from the
best solution in this temporary set, we solve Model M3 and apply the unprofitable
node elimination procedure for all the members of the temporary set. For the first time
when the objective function value returned by Model M3 for one of the solutions in
the temporary set is better than that of the current Local_Solution, we replace the
current Local_Solution with the new solution. We repeat Phase 5 in Heuristic
Algorithm 1 (Phase 3 in Heuristic Algorithm 2) without solving the remaining
solutions from the temporary set, if the objective function values returned by Model
M3 for all solutions in the temporary set are not better than those of the current
Local_Solution, we update the Global_Solution if the objective function value of the

current Local_Solution is better than that of the current Global_Solution.
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The selection of the parameters (TRES, IPOS, NAS3, NAS5, NI, NIMILS, and
NRMILS) used in our heuristic algorithms is discussed in the computational

experiments section.

3.5 Computational experiments

In this section, we describe the computational experiment designed to evaluate the
performance of the solution approaches. The heuristic algorithms are coded at the C++
platform, and C++ CPLEX application of IBM ILOG CPLEX optimization studio
V12.6.2 is used to solve the mathematical models in our heuristic algorithms and the
MILP model under the time limit of one hour. All computational experiments are
conducted on a personal computer with Intel Xeon CPU E5-2650 2GHz (2 Processor)
and 128 GB RAM under Windows 10 operating system.

3.5.1 Parameter settings

We use the real problem instances which are encountered the Central Anatolian RBC
between January 4 and February 4, 2016. We observe that the product availabilities of
this period are relatively smaller than the total demand of the hospitals. Therefore, this
period is more critical period in a year, so it was selected. For this period, we solve

360 problem instances where the number of nodes changes between 10 and 55.
We now explain the way followed to obtain the data set.

e Demand quantities are received from the RBC data base. We categorize them
according to the daily distribution slots.

e Urgent demands should be satisfied in one hour.
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Traveling times between nodes are determined via the geographic information

system database of BASARSOFT Company, Ankara.

Constant and variable parts of the loading and unloading times are estimated

by using worker experiences.

Weights of hospitals are determined as follows.

o  Weclassify the hospitals as standard (normal) hospitals, children hospitals,
hospitals that cannot take blood from donor, large hospitals, hospitals
sending special donors, and temporary RBCs.

o We ask the experienced RBC staff to assign weights (between 0 and 10)
to hospital classes and take the averages of the assigned weights.

o Some hospitals that send their donors to the RBC have higher weights. A
hospital’s demand can be more than the quantity obtained from their
donors. In order to deal with this issue, we separate hospitals demand in
two parts: one only includes the quantities obtained from donors and
second is the difference between its original demand and quantities
obtained from donors. We give the weight of 10 for the first part, and for
the second part we give its original weight. We create a dummy node for
the hospital.

If a hospital has both urgent and routine demand, then we duplicate the node

of this hospital.

We use 3, 4, 5, and 6 vehicles in our problem instances.

All vehicles are identical in capacity with 300 units of blood products, and are

ready at the beginning of the distribution period.

The length of a distribution period is 3 hours, and this period defines the

maximum travel time allowed to each vehicle.

The problem instances are grouped by the number of nodes. Each group has 10

problem instances.

The number of nodes and product ranges are given in Table 2.
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Table 3.2: Number of nodes and product types in our data set

Group 1 2 3 4 5 6 7 8 9
N 10-14 15-19 20-24 25-29 30-34 35-39 40-44 45-49 50-54
P 8-19 8-23 13-23 15-21 16-22 17-24 20-27 19-30 20-28

3.5.2 Performance measures

To evaluate the performance of the heuristic algorithms, we consider two types of
solutions provided by CPLEX for MILP. These are the best integer solution and the
best non-integer solution (some of the variables are non-integer) obtained by MILP
within one hour time limit. For the first objective function value, we separate the

instances into following two sets.

1. The instances with known optimal solutions- two cases may occur.
i. CPLEX returns the optimal solution in one hour.
ii. CPLEX cannot return the optimal solution in one hour, but the difference
between best integer solution and best non-integer solution returned by
CPLEX is less than 0.3. This implies that the optimal solution for the first
objective function is found, as it can take only integer values or has a
fractional part of 0.5 (since hospital weights used in the objective function
are the multiples of 0.5). In this case, we cannot conclude that the resulting
solution is optimal for the second objective function.
2. The instances with unknown optimal solutions.
On the other hand, for the first objective function, we use the following performance
measure for the set of problem instances whose optimal solution is obtained by the
MILP:

B__H
Z1— 2
H
Zq

Percent Error = PE =

%100 (3.74)
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where z? is the optimum value of the first objective function returned by the MILP
model, and z£ is the value of the first objective function returned by the heuristic

algorithm.

For the set of the problem instances whose optimal solution is unknown, we use the

following performance measure for the first objective function:

zN — zH

PE =—=—-x100 (3.75)
41

where z! is the value of the non-integer solution returned by the MILP model. The
number of optimal solutions obtained is another performance measure for the heuristic
algorithms. The optimality of the heuristic algorithms is assured when the first
objective function value is equal to the best non-integer objective function value of the
MILP.

To evaluate the performance of the heuristic algorithms for the second objective
function, we only use the set of problem instances with known optimal solution for the
first objective function. We use the following performance measure for the second

objective:

zy -z}
PE =22_2x100 (3.76)
Z3

where zJ! is the value of the second objective returned by the MILP model, and z%

is the value of the second objective function returned by the heuristic algorithm.

The CPU time is another performance measure used for the heuristic algorithms
and the MILP model.
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3.5.3 Parameter tuning for the heuristic algorithms

In this section, we discuss the selection of parameters (TRES, IPOS, NAS3, NAS5,
NI, NIMILS, and NRMILS) used in our heuristic algorithms. Three levels of each
parameter are tested. We use Group 1 and Group 9 defined in Table 3.3, i.e., small
(10-14 nodes) and large (50-54 nodes) problem instances. We set the number of

vehicles to 3 and 6.

We change the level of each parameter while fixing the levels of other parameters
at the same level, as in Salvietti et al. (2014) and Nearchou and Lagodimos (2013).
Table 3.3 reports the values of the performance measures for each level of each

parameter.
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Table 3.3: Parameter tuning results for the heuristic algorithms

Heuristic Algorithm 1

Heuristic Algorithm 2

Parameter

Levels 1 > 3 ” |1 5 3 ” s
i ratiofor | Values | 0.1 |05 ] 1 01]05] 1
eligibility set PE 442827 1 oo | 34]36]32 1 .
(TRES) CPU |32 |27]31 05 T 151713 1
# of insertion Values 1 3 5 1 3 >
positions PE 311291 29 3,5 3 38|36 30 5 .
(IPOS) CPU | 25|17/ 18 3 1517 18 1
4 of alternative Values 5 10 | 15 5 (10| 15
schedules for PE 30|30 28 15 . 33(33]| 33 5,10, 15 10
Phase 3(NAS3) "oy [ 09 [ 1.4 23 5 25|16 | 21 10
. of alternative | ValUes | 10 | 20 | 30 5 | 10| 15
solutions for PE 30 |30 30 10 20 30 . [32[33]33 5

1 5

Phase 5 (NASS) I'cpy |14 |15 14| 10,30 15| 15] 1.6 5 10
# of iterations Values 4 6 9 3 4 6
for the main PE 31(30[30| 609 33(33[33| 346
algorithm 4 3
(NI) CPU | 11 |15/ 22 4 13]16] 1.9 3
# of iterations Values | 5 | 10 | 100 5 | 10 | 100
for the Modified o 33 32 35 10 33/33]33| 51015
ILS Alg. 10 5
(NRMILS) CPU | 15|14 15 10 15|16 1.8 5
# of runs for the | Values | 2 5 | 10 2 | 5|10
Modified ILS 75 32 [30] 32 5 33[33]33] 2510
Alg. 2 2
(NRMILS) CPU 15 (18| 16 2 15|17 20 2
Alpha value for | Values | 0.4 | 0.6 | 0.8 040608
Modified ILS  "pEg 34 |34 | 34 [04,06,08 3203332 | 0408
Alg. 08 08
(AlphamiLs) | CPU | 0.8 |08 | 08 [0.4,06,08 14 14|14 [ 04,0608

** Selected value for the heuristic algorithm

* Best value(s) for performance criteria
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Table 3.3 shows that all percent deviations of the heuristic algorithms are very small
(almost all are below 3.5%) and not much sensitive to the selected levels of the
parameters. Hence, we base our parameter selection on the CPU times (select the level
that gives the minimum CPU time) and we use the percent deviation as tie breaker (if
any percent deviation cannot resolve ties, as for the NAS5 value of Heuristic Algorithm
1 and AlphaMILS value for both algorithms, we make a random selection). We make
a single exception for the IPOS value of Heuristic Algorithm 2 where we select the
level that leads to the smallest percent deviation (3%) and highest CPU time, as the
first and second smallest CPU times were due to the levels with relatively too high

percent deviation values (above 3.5%).

3.5.4 Discussion of the results

In this section, we discuss the results of the experiments for two heuristic algorithms

and the MILP model. We summarize the results in Table 3.4.

Table 3.4: Summary for discussion of the results

Difference between the

best integer and the Number of
non-integer solution by  problem Obijective Obijective
the MILP instances function 1 function 2
Less than 0.3 55 HASs obtain the See Table 3.5
optimal solution
for all instances
Greater than 0.3 305 See Table 3.6

We first discuss the performance of the heuristic algorithms for the problem
instances whose optimal solutions are known. We observe that the MILP model
obtains optimal solutions for the first objective function for 55 out of 360 problem

instances. Heuristic Algorithms 1 and 2 also return optimal solutions for the first
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objective function for all 55 problem instances. Table 3.5 reports on the CPU times of
the heuristic algorithms and their performance relative to the second objective

function.

Note that Heuristic Algorithms 1 and 2 have average CPU times of 3.29 and 4.57
seconds, respectively. We observe that the increase in the number of vehicles does not
affect the CPU times of the heuristic algorithms; however, the number of nodes has a
significant effect on the CPU times. From Table 3.5, we observe that our heuristic
algorithms provide better solutions for the second objective function with negative
average PEs. Overall performance error of the Heuristic Algorithms 1 and 2 are -29.09
and -24.59 percent, respectively, i.e., our heuristic algorithms provide about 30 percent
better results than the MILP. We observe that PE is affected by the number of vehicles
since it significantly reduces as the number of vehicles increases. We may also
conclude that the number of nodes does not have any effect on the PE since we did not
observe any structural behaviour of PEs when the number of nodes increases. We also
report the performance of these heuristic algorithms’ best one which is obtained by
taking the minimum value of the second objective function returned by the heuristic
algorithms. Best of these heuristics provides better results accordingly, but its
contribution to the second objective is about 1.5 percent better than Heuristic
Algorithm 1.
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Table 3.5: Performance of heuristic algorithms — the instances with known optimal

solutions for the first objective

Heuristic Heuristic Heuristic Algorithm
Number of Algorithm 1 Algorithm 2 MIN{HA1, HA2)
Optimum Avg. Avg. Avg.
Solutions Avg. CPU Avg. CPU Avg. CPU
N \Y Obtained PE (Sec.) PE (Sec.) PE (Sec.)
10-14 10 -18.89 2.26 -16.70 3.34 -19.97 5.60
15-19 2 -34.77 0.71 -23.99 0.80 -34.77 1.52
Avg. (Sum) (12) -21.53 2.01 -17.91 2.92 -22.44 4.92
10-14 10 -25.37 2.75 -20.73 3.56 -27.22 6.31
15-19 6 -24.00 5.15 -20.49 6.93 -26.49 12.09
Avg. (Sum) (16) -24.86 3.65 -20.64 4.82 -26.95 8.47
10-14 5 10 -30.91 2.94 -26.35 3.65 -32.78 6.60
15-19 4 -26.77 5.57 -25.96 8.22 -27.73 13.79
Avg. (Sum) (14) -29.73 3.69 -26.24 4.96 -31.33 8.65
10-14 6 10 -37.01 3.08 -28.56 4.17 -37.50 7.24
15-19 3 -52.61 5.27 -51.42 9.42 -55.14 14.69
Avg. (Sum) (13) -40.61 3.58 -33.84 5.38 -41.57 8.96
Avg. (Sum) (55) -29.09 3.29 -24.59 4.57 -30.54 7.86
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Table 3.6: Performance of heuristic algorithms for the first objective — unsolved instances by MILP.

Heuristic Algorithm 1

Heuristic Algorithm 2

Heuristic Algorithm
MAX{HAL, HA2)

Avg. Avg. Avg.
#of  Avg. CPU # of Avg. CPU # of Avg. CPU
N V  Hits* PE (Sec.) Hits* PE (Sec.) Hits* PE (Sec.)
15-19 3 7 0.38 5.29 7 0.38 7.66 7 0.38 12.95
20-24 5 0.84 8.83 5 0.73 13.72 5 0.73 22.56
25-29 1 1.49 15.65 5 1.60 24.61 5 1.22 40.26
30-34 0 5.20 21.81 0 4.85 33.02 0 4.64 54.83
35-39 0 7.38 33.40 0 6.31 49.52 0 5.64 82.91
40-44 0 6.41 53.51 0 6.31 81.99 0 5.79 135.50
45-49 0 8.10 58.69 0 8.57 111.16 0 7.84 169.85
50-54 0 23.95 69.17 0 22.38 121.58 0 21.74 190.75
Avg. (Sum) (13) 6.88 34.01 @an 6.55 56.63 17 6.14 90.64
15-19 4 3 0.76 5.83 3 0.76 7.02 3 0.76 12.85
20-24 8 0.06 12.45 10 0.00 16.50 10 0.00 28.94
25-29 6 0.17 16.72 8 0.45 28.71 8 0.11 45.42
30-34 1 2.33 29.10 1 1.75 43.45 1 1.57 72.55
35-39 1 2.41 39.15 1 2.22 63.20 1 2.01 102.36
40-44 0 2.79 64.39 0 2.60 84.84 0 2.10 149.23
45-49 0 5.22 75.28 0 4.52 136.79 0 4.36 212.07
50-54 0 6.99 95.16 0 6.78 149.99 0 5.89 245.15
Avg. (Sum) (19) 2.74 45.21 (23) 2.52 71.12 (23) 221 116.33
15-19 5 5 0.51 5.76 5 0.51 8.24 5 0.51 14.00
20-24 7 0.09 13.99 10 0.00 20.68 10 0.00 34.67
25-29 7 0.20 18.89 9 0.27 39.66 9 0.19 58.55
30-34 4 0.53 31.28 9 0.03 57.68 9 0.03 88.96
35-39 3 1.38 48.88 6 0.28 76.68 7 0.21 125.56
40-44 2 1.38 70.20 2 0.73 136.01 3 0.65 206.21
45-49 0 2.37 9221 0 1.46 140.67 0 1.16 232.88
50-54 0 341 98.83 0 3.72 194.36 0 2.62 293.19
Avg. (Sum) (28) 1.27 49.70 (41) 0.89 88.25 (43) 0.68 137.95
15-19 6 6 0.44 6.15 6 0.44 11.77 6 0.44 17.92
20-24 8 0.33 16.35 8 0.33 24.30 8 0.33 40.65
25-29 8 0.35 21.82 9 0.08 48.42 10 0.00 70.24
30-34 7 0.31 37.42 10 0.00 7171 10 0.00 109.12
35-39 5 0.56 45.78 8 0.03 111.45 8 0.02 157.23
40-44 3 0.86 72.58 6 0.28 149.62 6 0.25 222.20
45-49 1 0.92 106.26 1 0.92 166.22 2 0.66 272.48
50-54 0 1.80 119.43 0 1.16 223.98 0 1.01 343.40
Avg. (Sum) (38) 0.71 55.06 (48) 0.40 104.41 (50) 0.33 159.46
Avg. (Sum) (98) 2.92 45.95 (129) 2.61 80.09 (133) 2.36 126.04
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*# of Hits: Number of times the heuristic algorithm obtains the optimal solution

The performance of the heuristic algorithms on the first objective function for the
unsolved instances is presented in Table 3.6. We report the number of optimum
solutions obtained by the heuristic algorithms and their average CPU times and PEs.
From Table 3.6, we observe that Heuristic Algorithms 1 and 2 return optimal solutions
for 98 and 129 out of 305 problem instances, respectively. We also observe that the
PEs from the non-integer solutions returned by the MILP of Heuristic Algorithms 1
and 2 on the first objective are 2.92 and 2.61, respectively. It means PE from the
optimal solution on the first objective function is less than 2.92 and 2.61 percent,
respectively. The average CPU times of these algorithms are 45.95 and 80.09 seconds,
whereas those instances could not be solved in an hour by the CPLEX. Hence, our
algorithms provide better results than the CPLEX in relatively short CPU times.

We may also conclude that the number of vehicles has a significant effect on both
CPU time and PE of the heuristic algorithms. CPU times increase and PEs decrease
as the number of vehicles increases. In addition, the number of nodes has also effect
on the performance measures; both CPU time and PE increases as the number of nodes
increases. We also report the best solution of the heuristic algorithms which is given
in the last three columns of Table 3.6. Taking the best of the heuristic algorithms
returns better results where the total number of optimum solutions increased to 133
and the PE reduced to 2.36. On the other hand, the average CPU time increased to 2
minutes. We may conclude that the user can use both heuristic algorithms if one desires

better results in longer CPU times.

From our experiments, we can conclude that the MILP does not perform well since
it does not provide the optimal solution for any problem instance and also it does not
obtain an integer feasible solution for two problem instances within 1 hour of CPU
time. Moreover, its relative gap between best non-integer and best integer solution is

too high. On the other hand, our heuristic algorithms provide high quality solutions in
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relatively small CPU times. Heuristic Algorithms 1 and 2 (on the first objective
function) return optimal solutions for 153 and 184 problem instances (out of 360),
respectively. Once the best solution of two heuristic algorithms is used, the optimal
solutions for 188 (more than half) problem instances solved for the first objective

function are reached.

We also analyze the effects of the number of hospitals served, and the number of
vehicles on the maximum weighted satisfied demand (z;) and the total time travelled

(z,) values and report the results in Table 3.7.

Table 3.7: Objective function values of the Heuristic Algorithm Max{HA1, HA2}

\Y 3 4 5 6
Avg.  Avg. Avg. Avg. Avg. Avg. Avg. Avg.
Zq Z, Zq Z, Zq Z, Zq Z,

10-14 645.9 1185 645.9 1194 | 6459 1184 | 6459 1154
15-19 634.7 168.3 634.7 169.1 | 6347 1725 | 6347 1724
20-24 11135 199.8 | 11205 223.1 | 11205 215.3 | 1118.7 220.0
25-29 1163.6 205.1 | 1177.8 227.4 | 1176.9 233.9 | 1179.1 2450
30-34 1973.2 220.7 | 2036.6 269.3 | 2070.9 311.3 | 2071.6 313.6
35-39 2120.4 223.8 | 2205.0 283.0 | 2251.4 306.5 | 2258.9 310.4
40-44 34344 188.4 | 3574.6 237.1 | 3628.2 305.4 | 36425 325.1
45-49 4086.9 204.6 | 4265.7 289.8 | 4403.7 359.2 | 4427.0 375.7
50-54 4007.8 188.3 | 42499 280.0 | 4391.1 353.4 | 4463.7 396.2
Avg. 2131.1 190.8 | 2212.3 233.1 | 2258.1 264.0 | 2271.3 274.8

N

We observe from Table 3.7 that any increase in z, value leads to an increase in z,
value. That is, to satisfy more demand, one has to pay more for the distribution cost.
Note from the table that, increasing the number of vehicles increases z; and z, values.
The increases are more significant when the number of vehicles is small. When the
number of nodes is between 50-54 and the number of vehicles increases from 3 to 4,

the total satisfied demand increases to 4250 from 4008 and total time travelled
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increases to 280 from 188. For the same case, when the number of vehicles increases
from 5 to 6, the total satisfied demand increases to 4464 from 4391 and total time
travelled increases to 396 from 353. Using the results of Table 3.7, the managers may
analyze the trade-offs between number of vehicles (along with z, value) and z, value

and select the best solution according to their preferences.

3.5.,5 Sensitivity analysis

In this section we aim to analyze the effects of some critical parameters on the
maximum total weighted satisfied demand amount (z,), total travel time (z,) and on
the CPU times. We select the maximum travel times for vehicles (MT)), availability of
products (4,), and weight of the hospitals (w;) as critical parameters for the vehicles,

products and hospitals, respectively.

For the effects of the M7, we select two levels: 180 minutes to represent low and
240 minutes to represent high travel times. To see the effect of product availabilities,
i.e., A, values, we select two levels: the original product availabilities and twice of the
original product availabilities for the second level to represent low and high
availability levels, respectively. To see the effects of hospital weights we use two
levels. The low weight level is represented by the original data where the weights are
distributed between 0.5 and 10. To find the high weight level instances, we take the
weights of the low weight instances and double the ones that are below 5; hence, the
resulting weights are distributed between 1 and 10.

We select two problem combinations (Group 1- small sized instances with 10-14
nodes and Group 9- large sized instances with 50-54 nodes) from Table 3.2 and report

the associated results in Table 3.8. We set the number of vehicles to 3.
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Note from Table 3.8 that the parameters do not have any significant effect on the
CPU times of the heuristic algorithms. Recall that the problem size parameters
(number of vehicles and number of hospitals) caused very significant increase on the
CPU times. Furthermore, for large sized instances, the z; values increase from 4010.4
to 4250.4 when the maximum travel times increase from 180 to 240 minutes. This is
due to the fact that by increasing travel times, more room becomes available for
demand satisfactions. This in turn increases z, values from 210.4 to 297.9 as more
nodes are visited due to more available time. We observe that increasing the maximum
travel time does not have a significant effect on the z; and z, values for the small sized

problem instances.

Table 3.8: Sensitivity analysis based on the parameters

Original High MT, Twice Ay,  Modified w;

Group 1 645.9 645.9 658.1 1060.1
L Group9 40104 42504  4204.8 5686.3
,. Group1l 125.3 124.9 125.9 126.1

2 Group 9 210.4 297.9 201.9 197.3

CPU Group 1 4.2 4.5 4.2 4.3

Group 9 168.4 158.9 164.8 171.2

We also observe that z, values slightly improve when the product availability
increases. The improvement is more significant for the large-sized instances. It is less
than expected and we can conclude that the availability of product is not a highly

binding constraint for satisfying the demand of hospitals.

Table 8 also shows that when the some hospital weights are doubled, the z; values
increase from 645.9 to 1060.1 (about 65%) and from 4010.4 to 5686.3 (about 40%)
for the small and large-sized instances, respectively. However, the associated z, values
remain almost the same because the routes followed by the vehicles may not be

affected from the hospital weights.
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CHAPTER 4

PROBLEM 2 (P2): NEW DISTRIBUTION STRATEGIES FOR BLOOD
DISTRIBUTION PROBLEM FOR THE TURKISH RED CRESCENT

In this chapter, we discuss our second problem that presents new distribution strategies
for the Turkish Red Crescent. We extend some of our results for the first problem and
develop some new approaches. We first define the problem. Then, we give its
mathematical model and present heuristic algorithm. Finally, we discuss the results of

our computational experiment.

4.1 Literature Review

The blood products literature goes back to 1960s. Since then, an enormous amount of
research considering different aspects of blood products supply chain has been
developed. Several review papers have also been published, two most noteworthy are
due to Belien and Force (2012) and Osorio et al. (2015).

Osorio et al. (2015) consider quantitative models and present their main
characteristics based on their relevance to the following stages of the supply chain:
collection, production, inventory and delivery. Belien and Force (2012) classify the
blood products literature under different classification fields as type of blood products,
solution method, hierarchical levels, type of problems, type of approaches,
performance measures, and practical implementation or case studies. We discuss the
related literature based on type of the problems (one of the categories in Belien and
Force (2012)). The position of the papers for the other categories given in Table 4.1.
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Inventory management studies

Hosseinifard and Abbasi (2018) considered the inventory centralization of the blood
products at hospital level. They showed that the centralization of some hospitals so as
to satisfy the demands of the others, helps to reduce the outdates and shortages at all
places. Dillion et al. (2017) studied the inventory planning of red blood cells at
individual hospital levels. They studied stochastic aspects of the problem and proposed
stochastic models so as to find the review period length and target inventory level.

Ensafian and Yaghaubi (2017) considered platelets at the RBC level and proposed
mathematical models to find optimal (minimum cost) inventory levels. They also
defined a biobjective problem that trade-offs between the total cost and the freshness
of the delivered products. Attari et al. (2017) also considered two objectives: total cost
and maximum unsatisfied demand among all hospitals, and proposed multi-choice

goal programming technique to handle their trade-offs.
Location and allocation-Planning for collection

Ghasemi and Bashiri (2017) studied a blood supply network to find the locations of
the blood mobile facilities and blood donation sites and, the inventory levels at the
blood centers. To handle the stochastic demand, a two stage model that reduces the
total wastage and holding costs is developed. Ramezanian and Behboodi (2017)
considered location and allocation strategies in the blood supply network with demand
and cost uncertainties. They first discussed a deterministic model so as to reduce
shortages and harmful damages, and then incorporated uncertainties using a robust
optimization approach. Zahiri and Pishvaee (2017) considered blood group
incompatibility in their blood supply network. They gave a mathematical model with
two objectives: total cost and maximum unsatisfied demand. To handle the

uncertainties, they proposed robust probabilistic approaches. Khalilpourazari and
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Khamseh (2017) developed a multi objective model for the blood supply chain design
in earthquakes. They considered the magnitude of the earthquakes, and different
transportation models with variable speed and capacity. Zahiri and Pishvaee (2017)
and Khalilpourazari and Khamseh (2017) discussed real world applications in Iran, of

their studies.
Location and allocation- studies which consider distribution

Daskin et al. (2002) introduced a distribution center location problem. They
considered working inventory cost, safety stock inventory cost at the distribution
centers, and transportation cost from suppliers, to the distribution centers. They
formulate the problem as a nonlinear integer model and propose a lagrangian
relaxation algorithm for its solution. Shen et al. (2003) considered a joint location —
inventory problem with a single supplier and multiple retailers. They proposed a set
covering integer model that assigns the retailers to the distribution centers, and
proposed a column generation algorithm for its solution. Yegiil (2016) introduced a
new echelon, so called regional transfusion centers, and proposed a nonlinear integer
model to find the location of the regional blood and transfusion enters. They presented
several decomposition and simulated annealing based heuristic algorithms to solve
their real life application in the Turkish Red Crescent. Sahin et al. (2007) addressed
the location problem in the Turkish Red Crescent, at a regional level. They defined
two levels of hierarchy, where level 1 includes regional blood centers and level 2
include blood centers, blood stations and mobile units. They developed several

mathematical models to solve the problems at both levels.

Kaveh and Ghobadi (2017) considered the problem of allocating the blood centers
to the hospitals so as to minimize the total distance between the centers and hospitals.
They proposed a graph partitioning based algorithm and a metaheuristic algorithm

using a new neighborhood structure. Chaiwuttisak et al. (2016) considered a location-
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allocation problem with two types of service facilities: blood donation room only and
donation room with a distribution center. They presented an integer programming
model to improve the blood products supply while reducing the transportation costs.
Kaveh and Ghobadi (2017) and Chaiwuttisak et al. (2016) presented case studies in

Iran and Thailand, respectively.

Fahimnia et al. (2017) considered the problem of finding the number of facilities,
blood collection and transportation quantities and inventory levels in case of disasters.
They developed a hybrid solution approach that combines e-constrained and
Lagrangian relaxation ideas. Their aim is to minimize supply chain costs while

maintaining timely supply of blood.

Distribution studies

Distribution problems for blood products are rarely studied in the literature. Gregor et
al. (1982) studied the distribution strategies to determine the number of vehicles used
and inventory levels. They had three evaluation criteria: the number of emergency
orders, average response time to an emergency order, the number of routine surgeries
postponed. Hemmelmayr et al. (2009) studied the distribution problem of the blood
products for Australian hospitals so as to minimize the total travel time. Stochastic
nature of the same problem was considered by Hemmelmayr et al. (2010). Salehipour
and Sepehri (2012) also studied blood distribution problem with the objective of

minimizing the total waiting time.

In this study, we extend the Problem 1 with considering two more distribution
strategies. we consider the allocation of the blood products to the hospitals along with
their distribution (O1), via another hospital (02), and directly from RBC (O3). Hence
we extended the category given in Problem 1, distribution - product allocation.
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Moreover, we also consider irradiation centers in our distribution network different

than the other studies, which leads to precedence relations between nodes.

Table 4.1: Summary of the studies in our literature review

Type of blood Hierarchica Solution
Reference Problem type products I level methodology
Daskin et al. (2002) Inventory Platelets RBC Lagrangian
Location Relaxation
Dillon et al. (2017) Inventory Red Blood cells RBC IP
Fahimnia et al. (2017) Location Whole blood Supply g-constrained and
Allocation Chain Lagrangian
Relaxation
Ghasemi and Bashiri (2017) Location Whole blood RBC Robust IP
Allocation
Shen et al. (2003) Inventory Platelets RBC IP
Location
Yegiil (2016) Location Blood products Supply Non-linear IP and
Allocation Chain Heuristic algorithms
Chaiwuttisak et al. (2016) * Location Whole blood Supply IP
Allocation Chain
Gregor et al. (1982) * Distribution Blood products RBC Simulation
Hummelayr et al. (2009) * Distribution Other/Unknown RBC IP and VNS
Hummelayr et al. (2010) * Distribution Other/Unknown RBC IP and VNS
Hosseinifard and Abbasi (2018) Inventory Blood products RBC What-if scenario
analysis
Kaveh and Ghodabi (2017) * Location Blood products Supply Enhanced colliding
Allocation Chain bodies algorithm
Ramezanian and Behboodi (2017) * Location Whole blood Supply IP
Allocation Chain
Sahin et al. (2007) * Location Whole blood Supply IP
Allocation Chain
Selahipour and Sepehri (2012) * Distribution Blood products RBC IP and hybrid
heuristic
Khalilpourazari and Khamseh Location Whole blood Supply IP
(2017) **>* Allocation Chain
Zahiri and Pishvaee (2017) *** Location Whole blood Supply Robust and Fuzzy
Allocation Chain IP
Attari et al. (2017) *** Inventory Blood products RBC IP
Ensafian and Yaghaubi (2017) Inventory Platelets RBC IP
*, %%
Problem 1 *~** Distribution Blood products RBC Decomposition
based heuristic
Problem 2 * Distribution Blood products RBC Hybrid genetic

algorithm

IP: Integer Programming, VNS: Variable Neighborhood Search

*: practical application, **: multi-objective
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4.2 The blood distribution Problem

In the current blood supply chain system of TRC, there exists one way to satisfy the
demand of the hospitals. Demand is only satisfied by the vehicles of the RBCs. Due to
the vehicle and time limitations, the demand of all hospitals cannot be satisfied by this
way. This have motivated us to propose new distribution strategies for distribution of
the blood products. We have inspired from first problem (Problem P1) and we
proposed two new strategies to their problem, where demand is only satisfied by the
vehicles of the RBC, and we call this option as the RBC service (Option O1). In
addition to Option O1, we propose new strategies: transfer service (Option O2) and

self-service (Option 0O3).

In the blood distribution system, we have a set of vehicles available at the RBC to
deliver blood products through a set of routes to a set of demand points, i.e., hospitals.
We also considered the irradiated demand of the hospitals with our distribution
strategies. Irradiation of the products in the options O1 and O2 is the responsibility of
RBC, i.e., the RBC vehicles first carry the products to the irradiation centers for
irradiation process, and then delivers the irradiated products to the hospitals. There are
many irradiation centers, so we should choose the irradiation center and sequence it
effectively in the vehicle route. However, irradiation of the products in the Option O3
is the responsibility of the hospital with the irradiated product demand.

We also considered the most of the issues given in Problem P1, but our second
study differs in some ways. The comparison between the Problem P1 and Problem P2

is given in Table 4.2.
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Table 4.2: Comparison of the problem characteristics of Problem P1 and P2

Problem Environment Problem P1 Problem P2
RBC service (0O1) Yes Yes
Transfer service (02) No Yes

Self service (03) No Yes

(\:iyenhsltcr: r(l:te;pauty and availability Yes Yes

Product availability constraints Yes Yes
Irradiation centers Yes Yes

Number of objective functions Multiple Single

Figure 4.1 illustrates a distribution system in a period for a case where there are
eight hospitals, one irradiation center, and two RBC vehicles. Normal demand of the
hospitals 3, 6 and 7 is loaded to the first vehicle of the RBC. This vehicle sequentially
visits the hospitals 7, 6, 3 and returns to the RBC. The second vehicle of the RBC is
loaded with the normal demand of the hospitals 1, 2 and 5, and the irradiated demand
of the hospitals 2, 3 and 5. This second vehicle first visits the hospital 1, and then goes
to the irradiation center at which the blood products for the hospitals 2, 3 and 5 are
irradiated. Then, the second vehicle visits the hospital 3 and unloads the irradiated
products of this hospital. Finally, the hospital 2 is visited by the second vehicle, and
the normal and irradiated products of the hospitals 2 and 5 are unloaded. The route of
the second vehicle finishes at the RBC. A vehicle of the hospital 5 visits the hospital
2 and takes (normal and irradiated) demand of the hospital 5. Moreover, a vehicle of
the hospital 4 directly visits the RBC to take its normal demand. Figure 2 shows that

the demand of the hospital 8 is not satisfied within the distribution period.
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RBC: Regional blood center

H: Hospital

IC: Irradiation center

N;: Normal demand of hospital i to be satisfied

1;: Demand of hospital i to be irradiated

I; : Irradiated demand of hospital i

—— Route for vehicle 1 of RBC

--- Route for vehicle 2 of RBC

== Route for vehicle of H5 which uses Option 02
e== Route for vehicle of H4 which uses Option O3

Figure 4.1: Distribution system

4.3 Mathematical model

In this section, we present the mathematical programming formulation of our blood
distribution problem over a distribution period of pre-specified length. To do this, we
will follow the notation given by Problem P1 and add new parameters, indices and
decision variables. We assume that there are N 4+ 1 nodes, where one node is for the
RBC, IC nodes are for the irradiation centers and the remaining N — IC nodes are for
the hospitals. Among these nodes (i = 0,1, ..., N), i = 0 is the regional blood center
(RBC), i = 1,2, ...,1C are for the irradiation centers,and i = IC + 1,IC + 2, ..., N are
for the hospitals. U is the set of hospitals with urgent demands (there are |U| hospitals
in U).

The travel time between nodes i and j is T;; time units. a; and b; are the quantity
independent and per unit loading and unloading times for node i, respectively. DD; is

the deadline for hospital i.
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The hospitals have different weights that represents their relative importance. We
use relatively high weights for the hospitals whose demand is urgent. Hospitals
weights are also dependent on the demand satisfaction option. The most profitable
option is satisfying the demand with the RBC’s vehicles (Option O1) since it is likely
to be the most preferred option by the hospitals. We use the transfer service (Option
02) as the second profitable option. The weight of this option depends on the two
hospitals: hospital whose demand is satisfied and hospital giving the transfer service.
This weight is smaller than the weight of the Option O1. Option O3 is the least
preferred option for a hospital since this hospital must use its own vehicles to satisfy
the demands. Therefore, the smallest weight is for the Option O3. Thus, we have the

following relations for the weights of the hospitals:
wp = ay 2 f;

Where w; is the weight of hospital i where demand is satisfied by the vehicles of
the RBC (Option O1), «a;; is the weight of hospital i whose demand is satisfied by the
transfer hospital [, and f3; is the weight of hospital i whose demand is satisfied by the

vehicles of this hospital.

There are P product types, and A, units of product p (p = 1,2,.., P) are available
at the RBC. The amount of normal product p demanded by hospital i is D;,,, and the

amount of irradiated product p demanded by hospital i is ID;,, units.

There are V vehicles, carrying blood products, with identical speed and different
capacity. Carrying capacity of vehicle v (v = 1,2,..,V) is C, units. Vehicle v becomes
available at time EA,, and remains continuously available. Each vehicle starts and ends
its route at the RBC. The maximum travel time of vehicle v is MT,, time units. Hence,
the maximum of the MT,, values is an upper bound on the length of the distribution

period.
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Each hospital cannot be used to satisfy the demand of another hospital due to some
restrictions such as the lack of a depot area or a special refrigerator. Therefore, we use
a subset CT of the hospitals which can be used as the set of transfer points to satisfy
the demand of the other hospitals. We also assume that a hospital in this subset must
have demand. Moreover, each hospital cannot use each hospital to satisfy its demands
due to some restrictions such as the distance between two hospitals. Then, we use DC;
and DH; to represent the set of hospitals that can be used to satisfy the demand of
hospital i and the set of hospitals whose demand can be satisfied by hospital i,
respectively. Some hospitals cannot directly visit the RBC due to lack of vehicles and
long distance between the hospital and the RBC. Thus, we use another subset SD to

identify the hospitals which can satisfy its demand by the Option O3.

We make the following additional assumptions to construct the mathematical
model:

o All parameters are known with certainty and not subject to any change, i.e.,
the system is deterministic and static.

e Each vehicle can visit each node.

e Each node can be visited by more than one vehicle.

e Blood products to be irradiated are first delivered to the irradiation centers
and then to the hospitals.

e Irradiation centers are always available.

o |f a hospital directly satisfies its demand from the RBC by its vehicle, then
there should not be any transfer with the RBC vehicles or any hospital.

¢ A hospital cannot be used as the transfer point to satisfy the demand of
another hospital whose demand is not urgent if the demand of the hospital
giving the transfer service is not fully satisfied. This case is not valid while

satisfying the urgent demands.
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Our problem is to deliver blood products (normal and irradiated) via three options.

Thus, N is an upper bound on the number of positions (nodes) visited on each vehicle

route, where k is an index for positions (k = 1,2, ..., K) in this route. Based on the

problem characteristics and assumptions mentioned above, we develop a mixed

integer linear programming (MILP) model, which is an extension of the model given
in Problem P1.

Decision variables:

Yo = {1 if vehicle v visits node i at position k of its route
v =10 otherwise

R;p, = Amount of normal product p carried to hospital i by vehicle v

IR;j, =Amount of irradiated product p processed by irradiation center j (j =

1,...,1C) and carried to hospital i (i = IC + 1,IC + 2, ..., N) by vehicle

v

FR;;,,, = Amount of normal product p carried to hospital [ by vehicle v to satisfy

the normal demand of hospital i

FIR;ji,, = Amount of irradiated product p processed by irradiation center j and

carried to hospital [ by vehicle v to satisfy the irradiated product demand

of hospital i

DR;;, = Amount of product p is used to satisfy the total demand of hospital i by
Option O3.

1 ifirradiation center j is used to process the demand of
Yijp = hospital i carried by vehicle v
0 otherwise
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Six» = Arrival time of vehicle v to node i at its k" position of its route

1 if hospital i uses the self-service Option O3 to satisfy

its total demand
0 otherwise

DVi ==

1 If hospital j is used to satisfy the demand of hospital
UTij, = { i that has urgent demand by vehicle v
0 otherwise

1 if all demand of hospital i for product pis satisfied

ws,, =
P {O otherwise

Objective function:

Our objective function (4.1) maximizes the total weighted demand satisfied the
Options 01, 02 and O3.

Maxz =Yy, 25:1 Y Wi(Ripv + 25'6;1 IRijpk) +

Yiecr Xo=12h=1 2iercs1 Xt (FRiupy + 2551 FIR jipie) + X1 Xilic41 BiDRyp (4.1)

Constraints:

¥ Xuw <1 fork =12,..,K; v=12,..,V (4.2)

N Xikeiw SOV Xpw  fork=12,..,K-1v=12,..,V (4.3)
YK Xiw <1 fori =1IC+1,IC+2..,N;

v=12.,V (4.4)

Yo=12k=2 Xokv = Xieo Lo=1Xizv (4.5)

K kX <YK KXoy, fOri=12,..,N;v=12,..,V (4.6)
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ZS:l(Ripv + Z_I]'il IR;jpy) < (Zzl;:l(Dip +1D;p)) YK_1 Xikw
fori=1C+1,IC+2,..,N;
v=12..V
¥ 1(FRupy + Zﬁl FIR;j1py) < (Zh-1(Dip + 1Dip)) TRy Xk
forl e CT; i e DH;v=1.2,..,V
¥h_1(FRiupy + Y, FIR;j1py) < X5 _1(Dip + IDy) UTyy,
fori,l=I1C+1,IC+2,..,N;
v=12,..,V
=1 Ripv + X)=1 Xienc; FRipy < Dip (1 = DV;)
fori=1C+1,IC+2,..,N;
p=12,..P
pe1 2021 IR jpy + Yve1 Yienc; Lje1 FIRjipy < IDyy, (1 — DV;)
fori=1C+1,IC+2,..,N;

p=12,..P

£V=IC+1(Z1Z=1(Ripv + ZleDCi FRilpv + ﬁ'gl(IRijpv + ZleDCl- FIRijlpv)) +

DR;,) < A, forp=12,..,P

(4.7)

(4.8)

(4.9)

(4.10)

(4.11)

(4.12)

S:l Z?’=IC+1(Ripv + ZleDCi FRilpv + ;Czl(lRijpv + ZlEDCi FIRijlpv)) < Cv
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forv=1.2,..,V (4.13)

Yijp < Yi=1 Xjkw fori=I1C+1,IC+2,..,N;
j=12,..1CGv=12,..,V (4.14)
Sity = (To; + EA) X1y fori=12,..,N;v=12,..,V (4.15)

Siew = Sige—1v + (@i + b X1 (Ripw + Y IRy + Yiepu,(FRipy +
K FIRjipy))) + Tij — Mi(2 = Xiko10 — Xjiew)

fori=I1C+1,IC+2,..,N;

j=01,...N; i+ k=12, .K;
v=12..V (4.16)

Siew = Sik—1p + (@i + b 2N _jcin Zh1 (IR i + Xiiice FIRirpy)) + Tij —

My X (2= Xip-10— Xjkw)
fori=1,2,..,IC; j=01,..,N; i #j;
k=12, K v=12 .,V (4.17)
Kok Xiw = YRk Xj — K(1—Yip0)

fori=I1C+1,IC+2,..,N;

j=12.,1Cv=12 .,V (4.18)
Sikv < DDl fork = 1,2,..K; v=1,2,..,V; ievu (419)
Soky < MT, fork=12,..,K;v=1.2,..,V (4.20)
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P
Zp=1(1Rijpv+Zl€DHi FIleipv)

Z§=1(1Dip+ZleDHi IDlp)

<Y fori=1IC+1,IC+2,..,N;

j=12,..,ICv=12,..,V (4.21)
DRy, < (D, + 1Dy, )DV; forieSD; p=12,..,P (4.22)
DRy, =0 fori¢ SD; p=1,2,..,P (4.23)

g:l Ripv + ZK:l Z§21 IRijpv = (Dip + IDip) WSip
forieCT; p=12,..,P (4.24)
Z¥=1(FRilpv + 2§C=1F1Rijlpv) = (25:1([)1'1) + IDip))WSlp

forleCT; i€ DH; p=12,..,P;i¢ U
(4.25)

Sikw = Sjkw + Tjg — (MT, + T;) (1 = UTy,.)

forj € CT; [EDH;;i€U;k=12,..K;

v=12..V (4.26)
UTy, = 0 forj € CT;i € DH;; i ¢ U;
v=12,..V (4.27)

XikU' YI,]U' DVL: WSlp; UTLL"U S {0,1}

fori,i'=01,.. N;k=1,2,..,K;
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p=12,..P; (4.28)
Sitevs Ripvs [Rijpvs DRip, FRippy, FIR jipy 2 0
fori,l = 0,1,..,N; p = 1,2, ..., P;
j=12.,1Cv=12 .,V (4.29)
Ripy, IR jpvs DRip, FRijpy, FIR; jipyy, are integer
fori,l=0,1,..,N; p=12,..,P;
j=12.,ICv =12 ..V (4.30)

where M, in (4.16) and M, in (4.17) are sufficiently large positive numbers and can

be obtained by the following formulas:
M; = a; + b; ZS:l(Dip +ID;, + ZleDHi(Dlp + IDlp)) + MT,

M, = a; + b; Z¥=1C+1 ZS=1(1Di'p + ZlEDHilIDlp) + MT,

Constraint set (4.2) ensures that each vehicle can visit at most one node in any
position on its route. Constraint set (4.3) ensures that if a node is assigned to a position,
then there must be an assignment to the previous position. Constraint set (4.4) ensures
each vehicle can visit a node at most one position on its route. Constraint set (4.5)
states that the total number of vehicles departing from the RBC is equal to the total
number of vehicles used. Constraint set (4.6) guarantees the RBC is visited as the last
node by all vehicles. Constraint set (4.7) ensures that the demand of a hospital can be
satisfied by a vehicle that visits the hospital. Constraint set (4.8) guarantees that any

demand of a hospital (i) can be satisfied from another hospital () if the vehicle visits
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the hospital (1). Constraint set (4.9) links UT;;,, values with amount of satisfied demand
via O2. Constraint sets (4.10) and (4.11) ensure the amount of total satisfied demand
of a hospital by the Options O1 and O2 should not exceed its total (normal and
irradiated) demand if the hospital does not use the Option O3. Constraint set (4.12)
guarantees that the amount of products carried is limited by the amount available at
the RBC. The capacities of the vehicles are considered in Constraint set (4.13).
Constraint set (4.14) ensures that if the demand of a hospital is processed by an
irradiation center, then the hospital and the irradiation center should be visited by the
same vehicle. Constraint sets (4.15), (4.16), and (4.17) calculate the arrival time of
vehicle v visiting node i in the first position, the next node after leaving node i, and
the next node after leaving irradiation center i, respectively. Constraint set (4.18)
guarantees that a hospital with demand for the irradiated products should be visited
after the irradiation center serves to this hospital’s demand. Constraint set (4.19)
ensures that the arrival time of the vehicle to hospital i should not exceed the deadline
imposed by the hospital. Constraint set (4.20) guarantees that the arrival time of the
vehicle to the RBC does not exceed its maximum travel time. Constraint set (4.21)
assigns hospital i to irradiation center j if the hospital i is served by irradiation center
j. Constraint set (4.22) ensures that if a hospital uses the option O3, then the amount
of demand satisfied by the Option O3 should not exceed the total (normal and
irradiated) demand of this hospital. Constraint set (4.23) guarantees that a hospital
cannot satisfy its demand by the Option O3 if it is not in the set of SD. Constraint set
(4.24) controls the demand of a hospital is fully satisfied, where the hospital is used as
a transfer point for another hospital that uses the Option O2. Constraint set (4.25)
guarantees that a hospital can satisfy its demand by the Option O2 if the demand of
the hospital used as a transfer point is fully satisfied. Constraint set (4.26) calculates
the arrival time of the products to hospital i which has urgent demand if hospital j is
used to satisfy the demand of hospital i in the route vehicle v. Constraint set (4.27)

guarantees that decision variable UT;j, (that controls the satisfaction of urgent
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demands by the Option O2) takes value zero if hospital j is giving transfer service to
an hospital that is not covered in CT or hospital i is not in DH; or the demand of
hospital i is not urgent. Constraint sets (4.28), (4.29), and (4.30) represent the binary,

non-negative, and integer variables.

We now present some properties of the optimal solution whose incorporation (via
additional constraints) may reduce the size of the search space, hence improve the
efficiency of the MILP. We use the same optimal properties given for Problem P1. In

addition, we provide the following property and its associated constraint.

Property: If any hospital’s total demand (normal and irradiated) for a product is
greater than the availability of this product, then the hospital’s demand cannot be fully

satisfied. We use the following constraint to improve the efficiency of the model.
WS, =0 fori=I1C+1,IC+2,..,N;p=12,..,P;

Dy + Dy, > A,
(4.31)

Our mathematical model is explained by the objective function (4.1) and the
constraint sets (4.2) through (4.30), the constraints (3.32), (3.33), (3.34) and (3.39)
given by given for Problem P1, and the constraint (4.31).

A feasible solution for Problem P1 is also feasible for our problem P2 and some
constraints (such as deadline and urgent demand constraints) in their problem are
relaxed or not considered in our problem. This follows that the optimal solution of the
first objective function value of their Problem P1 is a lower bound for our problem P2.

We state this result formally by the following property.
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Property: z*(P2) = z*(P1)

Proof: Note that any solution that is feasible for Problem P1 is also feasible for
Problem P2. Thus, an optimal solution of P1 is also a feasible solution for P2. Hence,
the optimal solution of P2 is greater than or equal to the optimal value of primary
objective function at P1, i.e., z*(P2) = z*(P1) . ]

4.4  Proposed Solution Procedure - Hybrid Genetic Algorithm

We observe from computational tests that the MILP cannot solve medium and large
sized problem instances since the size of the MILP drastically increase with an increase
in the number of nodes and vehicles. Therefore, we propose a hybrid genetic algorithm
(HGA) to solve the problem. Our hybrid genetic algorithm includes three stages:
Iterative local search (ILS) based algorithm for initialization, genetic algorithm for
improvement, and a linear programming model is solved for its finalization. The first
two stages of the algorithm aim to find good vehicle routes and final stage allocates
products to hospitals with considering the vehicle routes. We now give the detailed

descriptions of each part used in our hybrid genetic algorithm.

4.4.1 Initialization: Iterative local search based algorithm

Our iterative local search based initialization algorithm involve four phases: Finding
an Initial Schedule, Improvement by Inserting Nodes to Vehicle Routes, Building a
New Vehicle Schedule, and Improvement by Swapping (Pairwise Interchanging)
Nodes. Let NI be the number of iterations used by the algorithm and NIS be the number
of initial schedules. The flowchart of the iterative local search based initialization

algorithm is given in Figure 4.2.
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Figure 4.2: Flow of the iterative local search based initialization algorithm

We now give the detailed description of four phases of the iterative local search

based initialization algorithm.

Phase 1: Finding an Initial Solution

This phase finds a feasible solution to MILP model given in Section 4.3 by relaxing

the integrality requirements on variables Ripy, IRijpv, FRilpv, FIRijipv, and DRip.

We first apply a greedy randomized initialization procedure given below to assign
the nodes to the vehicles and hospital set satisfying the demand by using Option O3.
This initialization procedure may end up with some illogical cases. We handle these
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illogical cases by the rules explained below. Next, we calculate the loading and

unloading times for each node by assuming all demand of this hospital is satisfied.

a; + b Xt ciceriven,(Zp=11Dirp) i = 1,2,..,1C; i € v;
. v= 1,2,..,V 4.32)
a; +b; Xh_1(Dip), i=IC+1,IC+2,..,N;
ievpv=12..V

LOy, =

where v; represents the nodes assigned to vehicle v.

We use the modified iterative local search (MILS) algorithm given for Problem P1
which is originally proposed by Arroyo et al. (2009) to solve single-machine tardiness

problem with sequence-dependent setup times.

Finally, we calculate the fitness value with the procedure and given below to obtain
a solution for the problem. We repeat this initial solution generation procedure for
TNRIS (Total number of initial schedules) times and until we get at least one feasible
solution. Then, we start with a feasible solution (vehicle routes and assignment of
hospitals using the Option O3) which gives the best fitness value and set this feasible

solution as the Local_Solution and the Global_Solution.
Greedy Randomized Initialization Procedure
The stepwise description of the greedy randomized procedure is given below.

Step 1. Calculate the potential normal demand PD;, potential irradiated demand

(PID;) for each irradiation center and hospital:

PD; = ¥5_1 Dy for i=IC+1,IC+2,..,N (4.33)
p=11Di, i=IC+1IC+2,..,N
PIDi =4 5} 1., P10, -, i=12,..,IC (4.34)
BV ] - I ILLL]

91



Step 2.
Step 3.
Step 4.

For each vehicle v, set the position index to zero, i.e., k, = 0.
Randomly select a vehicle v’ between 1 and V.

Calculate the potential gain ratio GR; to be assigned to the selected

vehicle v'.
( (wi=B)(PD;+PID;) i=1IC + 1,]6 + 2, ,N,
Toi+a;+b;(PD;+PID;) ky,, =0
(w;—B;)(PD;+PID;) i=IC+1,IC+2,..,N;

L

T +a;+b;(PD;+PID) Kk, >0
()
v/—l,V

PID ;)X max W
(P1D)) j=IC+1,IC+2,...,N1{ )
T0i+ai+bi(PIDi)

max w;iX(PID;
j=IC+1,IC+2,...,N{ j}X(PID)

+a;+b;(PID;)
13

i=12..,1C; ky =0

i=12,..,IC; ky >0

\ T<Chkv,_1_,,,).

where chy,, represents the node that are assigned to position k of set v.

Step 5.

Step 6.
Step 7.

Calculate the maximum (Gmax) and minimum (Gmin) gain for the

vehicle v'.

Gmax = max GR;
i=1,2,..,N

(4.36)

Gmin = min GR;
i=1,2,..,.N

(4.37)
Randomly select a node i’ between 1 and N.
If the following conditions satisfy
GR;» > Gmax — PA X (Gmax — Gmin)
(4.38)
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k-1
v
DDy =Y, 21 (Tchj,,,uchj+1,v' + Aen + bchj,,/ X (PDchj’V/ +

PIDCh].‘VI)) + EA'U’ + TO’Chl,v’ + TChk ,,v”i, (439)

/+ach./+bch. ’ ><(PDch. r+
v v v v

hj,V"Chj+1,

k-1
MT = Zji1 <TC
PIDChjv’)) + TChk /,i’ + ai’ + bi’ X (PDi’ + PIDL’) +

EAy +Toen, , + T (4.40)

where PA is a parameter for our algorithm that represents the
assignment ratio; then, we assign node i’ to vehicle v’ and update the

following parameters:

PDy = (1—AR)PDy (4.41)
PID; = (1 — AR)PID; (4.42)
ky =k, +1 (4.43)
Chy o =1 (4.44)

where AR is the assignment ratio which is a constant parameter
represents the ratio of hospital’s demand is satisfied by the assigned
vehicle, and go to Step 3.

Otherwise (i.e., one of the conditions 4.38, 4.39 and 4.40 are not
satisfied), then we do not assign node i’ to vehicle v'and we repeat Step
6 until each node has been selected. If each node is selected, then we

assign —1 to all remaining positions in vehicle v'.
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Step 8. Go to Step 3 until each position of vehicle is filled.

Step 9. If a hospital is not assigned to any position of a vehicle but it can use
Option O3 to satisfy its demand, then, we assign the hospital to hospital
set which use Option O3, with a probability PFD (probability of direct
visit), and repeat this step for each hospital.

Step 10. If a node is not assigned to any vehicle or set above, then we assign it
to the set of hospitals which are not visited and not using the Option O3
to satisfy their demand.

Step 11. Put node zero (RBC) to the first -1 in each vehicle list.

We can call each solution obtained by schedule as chromosome.

Handling the Illogical Cases

As we stated before, the greedy randomized initialization procedure may provide some
illogical cases. In this section, we investigate these cases.

Case 1: There is not any assigned hospital after an irradiation center in a vehicle
list. We delete the irradiation center.
Case 2: There exists two irradiation center in a vehicle list and

o a hospital with urgent demand between two irradiation center and it
has irradiated demand. We keep both irradiation centers.

o a hospital with routine demand between two irradiation centers and
hospital has irradiated demand. We will delete the last scheduled
irradiation center node. If the hospital does not have any irradiated
demand, then we will delete irradiation center which creates more

travelling time.
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Case 3:

Case 4:

Case 5:

Case 6:

Case 7:

There exists a hospital assigned to set of hospitals using Option O3 to
satisfy its demand but it is not in the set of SD. We delete the hospitals
from the list.

A hospital assigned more than one to the list for set of hospitals using
Option O3 and hospital set which is not visited and do not use Option
03. We keep one of them and delete the others.

A hospital with urgent demand is assigned more than one to a list for
vehicle routes, then we keep the first node assigned to vehicle and delete
the others.

A hospital is assigned to a vehicle, then we will delete it from the set of
hospitals using Option O3 and hospital set which is not visited.

A hospital with routine demand is assigned more than one to a list for
vehicle, then we will delete the hospital which needs more travelling

time.

Case 8: A hospital is not assigned to any vehicle list and cannot use Option O2 to

satisfy its demand but it is in the set of SD. We assign it to the set of
hospitals using Option O3.

Fitness value calculation

We may solve the LP given in Section 4.4.3 to evaluate the value of the objective
function for a given vehicle route. However, we observe that solving this LP model
for many times may require excessive amount of computation time. In place of solving
this model, we propose the following method to find a powerful estimate (fitness) on

its objective function value.

Firstly, we control the deadline and maximum travel time constraints only using the

earliest available time of vehicles, travelling times, and constant loading and unloading

times. If any of these time constraints are violated due to vehicle routes, then the
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solution is infeasible and we terminate the procedure with an objective function value

which is the sum of the time constraints violations. Otherwise, we apply the following

procedure to find the allocation of products to the hospitals.

In the MILP model given in Section 4.3, we have several binary variables. When

we fix the values of some binary variables, we may easily solve the LP model in

Section 5.3 and determine the allocation of the products to the hospitals. For this

purpose, we use the following methods.

1)

(2)

[Setting UT;j,values] UT;j,’s are binary decision variables which control the
hospitals with urgent demands to use the Option O2 to satisfy their demand.
We first assume that only the hospitals, which are not assigned to any vehicle
or hospital set using Option O3, can use Option O2. We secondly assume that
only one hospital and vehicle pair can be used. Then, we use the following
procedure to find UT;,, values.

e For each visited hospital and vehicle pair, we calculate minimum arrival
time (MAj,) from the RBC to hospital j via vehicle v. The minimum
arrival time (MA;,) is the sum of the earliest available time of vehicles
(EA,), travel time between nodes visited before hospital j and fixed
loading and unloading times (a;) of the nodes visited before hospital ;.

e Then, we find the time differences DBD; ;,, between deadline of hospital i
and the sum of the minimum arrival time (MA;,,) to hospital j and the time
between hospitals i and j.

DBD;j, = DD; — (MAj, + T};) (4.45)

e Finally, we set UT;;, to 1 for hospital i to satisfy its demand from hospital
J and vehicle v pair providing the maximum DBD;;, value.

[Modifying a;; values] In our original model given in Section 4.3, we consider

that a hospital i cannot be used to satisfy the demand of a specific product from
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(3)

another hospital [ if the demand of hospital [ is not fully satisfied for that
product. In order to deal with this consideration, we modify the weight («;;) of
satisfying the demand of hospital i from hospital . The modified weight should
be less than the weight of the hospital [ which is used as a transfer point. By
this way, we firstly satisfy the demand of the hospital with higher weight. The
modified weight should consider the their original weights of hospital i and L.
We modify our weights «;, as:

ail

—— W, W Sy
ml_:,ix(ai/l)+s !

ail = ai (446)
— -, W > ai;
mi:;ax(ai,l)+s w L

where ¢ is the minimum weight, which is 0.5, in our problem instances.

[Modifying DV; values] If a hospital is not assigned to any vehicle and cannot
satisfy its demand from another hospital by Option O2, then we add this
hospital to the hospital set which satisfy its demand by Option O3 if it is in the
set of SD.

Step 1. Calculate the estimated values:

e R;, by dividing hospital i’s demand for normal product p to the total
number of vehicles visiting hospital i,

e IR, by dividing the hospital i’s irradiated demand for product p to the
number of irradiated center visited before hospital i,

e FR;,, by dividing the hospital i’s demand for normal product p to the
number of hospitals which can be used as a transfer point for hospital
L,

e FIR;;,, by dividing the hospital i’s irradiated demand for product p to

ilipv
the number of irradiated centers visited before hospital [ which can be

used as a transfer point for hospital i,
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e DR;, by summing the hospital i’s normal and irradiated demand for

product p.

In order to calculate the FR;,, and FIR;;,, values for hospital i with

ilipv
urgent demand. We use the hospitals and vehicle pairs which provide

the UT;,, values as one.

Step 2. [Update of the allocation amounts when the time constraints are violated]

a.
b.

C.

Setv =1.

Calculate the arrival time of vehicle v to the hospitals and the RBC.
Check the feasibility of deadline constraints with urgent demands
(according to the sequence of hospitals visited by vehicle v). If one of
them is violated, then

c.1. Find the least profitable allocation that gives the following value

! !
. Wi . ag; Wi . ag;
min| =, min (—“), L min (—“ > (4.47)
i bi 1 bi bi+bj 1 bi+bj

where i is the visited hospital and j is the irradiation center visited

and used for satisfying the irradiation requirement of this hospital
i, before a hospital (not inclusive) where the deadline constraint
is violated.

c.2 If the total violation is greater than the allocation amount
multiplied by the variable loading and unloading time (bi), then
set the allocation amount to zero, update the violation amount,
and go to Step 2.c.1. While updating the allocation amount, firstly
we select product type if product availability constraint is
violated, if there is no any product type violation, then we
randomly select a product type to update allocation.

Otherwise, reduce the allocation amount by the ratio of violation

value to the variable loading and unloading time (bi), and go to
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Step 2.b. until all deadline and maximum travel time constraints
in vehicle v are satisfied.
d. Otherwise, setv = v + 1, and go to Step 2.b.
Step 3. [Update of the allocation amounts when the product availability
constraints are violated]
a. Setp=1.
b. For product type p, calculate the total allocation.
c. Check the feasibility of product availability constraint. If the constraint
is violated, then
c.1. Find the least profitable allocation (hospital which uses Option O1
or Option O3, or hospital pair which uses Option O2) that gives the
following value:
miin (Wi, mlin(al’i), ﬁi) (4.48)
where hospital i having the allocation for product p.
c.2. If the total violation is smaller the allocation amount, then change
the allocation amount to the amount of violation, set p = p + 1,
and go to Step 3.b.
Otherwise, set the allocation amount to zero, update the violation
amount, and go to Step 3.c.1.
d. Otherwise, setp = p + 1, and go to Step 3.b.
Step 4. [Update of the allocation amounts when the vehicle capacity constraints
are violated]
a. Setv=1.
b. Calculate the total allocation for vehicle v.
c. Check the feasibility of vehicle capacity constraint. If the constraint is

violated, then
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c.1. Find the least profitable allocation (hospital which uses Option O1
or hospital pair which uses Option O2) that gives the following

value:
min <WL-, mlin(al’i)> (4.49)
l

where hospital i visited by vehicle v.
c.2. If the total violation is smaller the allocation amount, then change
the allocation amount to the amount of violation, set v = v + 1,
and go to Step 4.b.
Otherwise, set the allocation amount to zero, update the violation
amount, and go to Step 4.c.1.
d. Otherwise, set v = v + 1, and go to Step 4.b.
Step 5. [Procedure for deleting unprofitable node]
If Step 4 returns a solution such that any hospital is visited with no service,
we drop this hospital and go to Step 1; otherwise go to Step 6.
Step 6. Calculate the objective function value with the original weights and

updated allocation amounts.

Phase 2: Improvement by inserting nodes to the vehicle routes

This phase tries to improve the solution by inserting additional nodes to the current
vehicle routes since the value of our objective may increase as the number of assigned
nodes increases. We consider the set of hospitals using Option O3 by setting its set as
another vehicle (V+1). We use similar procedure for this set while inserting nodes. We
eliminate some insertion of hospitals which may lead the Local_Solution to be an
infeasible solution and whose potential gain with insertion is less than the average

potential gain of all hospitals.

Zgzl(Dip + IDip) - 21‘;:1 Giv (4-50)
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where G;,, is the amount of weighted demand already gained from hospital i

assigned to vehicle v in the current Local_Solution.

We start by selecting a random node i’ and a vehicle v’ where i’ is not already
assigned to v’ and this node-vehicle pair may improve the Local_Solution. If the
selected vehicle is V + 1 (set for hospitals using Option O3) and hospital i’ is proper
for it, then we assign node i’ to vehicle V + 1 and drop hospital i’ from the other
vehicles if it assigned to it. Otherwise, we randomly select IPOS number of insertion
positions and calculate the travel time increase (TTI) for each selected position k as

follows:
TThe = Ty(e-ron + To g = Trkmaa)seory  (451)

where f(k,v") is the hospital which is assigned to position k of vehicle v'. Then,
we select the position k’ which gives the minimum TTI value, and update our vehicle
route v’ by inserting node i’ to position k'. Furthermore, we calculate the fitness value

with the Fitness Value Calculation Procedure.

If the objective function value returned by the insertion is better than API (API is
the acceptable percentage increase, and is used to reduce the solution time for the
algorithm) times the objective function value of the current Local_Solution, then we
replace the current Local_Solution with the new solution and repeat Phase 2.
Otherwise, we select another node-vehicle pair, and repeat the procedure. We continue
the process above until all possible node-vehicle pairs are examined. Finally, we
update the Global Solution if the objective function value of the current

Local_Solution is better than that of the current Global _Solution.
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Phase 3: Building a new vehicle schedule

The current Global_Solution may be a local optimal so that no further improvements
could be achieved. In order not to get stuck in a local optimal solution, the current
solution is perturbed either by removing a node from a vehicle route or interchanging

two nodes in different vehicle routes.
We first calculate PV,, values for each node k in vehicle route v of the
Global_Solution, assuming that node k is between nodes i and j, as follows:

. Wil
PVkv = i’=1r61:1—+!£1,...,N (b_ll) X (Tik + Tk] +a, — TU) — Wi X PCkv +

B Z§=1(ka + Ika) (4.52)

where PCy,, is the amount of products carried to node k by vehicle v, the maximum
weight of the hospitals which are visited after an irradiation center by vehicle v is used
as the weight for this irradiation center and the term “f; Z§=1(ka + Ika) "is not
considered in Equation 4.52 if node k is not in the subset SD including the hospitals
satisfying their demand by the Option O3.

If the Global_Solution is updated in the current iteration, then we calculate the
difference between the maximum travel time and the arrival time to the RBC for each
vehicle, select the vehicle(s) giving the minimum difference, determine a node with
the maximum PV,,,, value among vehicle(s) with the minimum difference, and remove
this node from its vehicle route. Otherwise, we randomly select two vehicles,
determine a node with the maximum PV, value in each vehicle, and pairwise
interchange these two nodes. Finally, we replace the Local_Solution with the solution

obtained by the process above.
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Phase 4: Improvement by swapping (pairwise interchanging) nodes

This phase improves the solution by swapping two nodes in four ways, (1) between
the vehicle routes, (2) within a vehicle route, and (3) between a node in a vehicle route
and a node which is not in any vehicle route, and (4) between a node in a vehicle route

and a hospital which is in the set of hospitals using Option O3.

We randomly select two nodes that may provide better solution by using four ways
mentioned above. We update our vehicle routes by interchanging the selected nodes
and we drop the hospital i’ from the its assigned vehicles if selected i’ will be inserted
to the set of hospitals using Option O3. Then, we calculate the fitness value by Fitness

Value Calculation Procedure.

If the objective function value returned by the pairwise interchanging is better than
API times the objective function value of the current Local_Solution, then we replace
the current Local_Solution by the new solution and repeat Phase 4. Otherwise, we
select another node-vehicle pair and repeat the procedure. We repeat the process above
until all possible node pairs are examined. Finally, we update the Global_Solution if
the objective function value of the current Local_Solution is better than that of the

current Global _Solution.

The selection of the parameters (AR, PA, PFD, TNRIS, AIP, NI, NIMILS, NRMILS,
and AlphaMILS) used in the iterative local search algorithm is discussed in the

computational experiments section.

4.4.2 Improvement: Genetic Algorithm

To improve the initial solution, we propose a genetic algorithm. Genetic algorithms
are first developed by Holland (1975). They use a mechanism that is close to the
surviving way of the vital populations, where good individuals are usually from the

combination of two good organisms, so called parents.
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We give the flowchart of the genetic algorithm in Figure 4.3. As can be observed
from the figure, our algorithm generates the initial population from the solution of the
iterative local search based algorithm and improves it via crossover and mutation

operators.

Begin

Y

A

Population generation

Y
; : Apply Fitness Value o
0ssovel > PPi > =
Crossover Hanc]mgé_zliﬂlchca] Calculation Procedure Update the population
A
NoC=NOC+1

Handling the Illogical | Mu Select a chromosome
& - < Mutation
ases from the population
Y
Apply Fitness Value of 350 . N
Calculation Procedure »| Update the population "l Global Sclution

Figure 4.3: Flow of Genetic Algorithm

NOC: Number of crossover; TNC: Total number of crossover;
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Chromosome Representation

Our chromosome representation scheme is similar to the ones used for the traveling
salesman problem. The chromosome, so-called genes, reside N x (V + 2)
components. The first N x IV genes are for the vehicles, the next N genes are for the
hospitals using Option O3 and the last N genes are for the hospitals with no
assignments. We use positive integers for the nodes and “-1” for the unassigned
positions.

To illustrate our representation scheme, consider 8-node and 2-vehicle instance.
The routes 0-2-4-6-0 and 0-1-6-3-0 for vehicles 1 and 2, respectively. Option O3 is
used by hospitals 5 and 7. Hospital 8 does not have any assignment. The resulting
32 (= 8 x (2 + 2)) chromosomes are tabulated below.

Table 4.3: The chromosome representation for the example instance

Route for Vehicle 1 (Set 1) 2 4 6 -1 -1 -1 -1 -1
Route for Vehicle 2 (Set /) 16 3 -1 -1 -1 -1 -1
Set of hospitals using O3 (SetV +1) |5 7 -1 -1 -1 -1 -1 -1
Unassigned Nodes (Set V + 2) g8 -1 -1 -1 -1 -1 -1 -1

Finding the Initial Population

Our initial population with the predetermined population size (PS) is formed as

follows:

e The iterative local search algorithm (ILS) is solved to generate the first
member.

e The greedy randomized algorithm, handling the illogical cases, and the
modified ILS algorithm are solved successively to get the first half of the

population.
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e To generate the other members of the population, we use the ILS solution. We
apply pairwise interchanges to two different genes and use the Handling the

Illogical Cases Procedure, and the modified ILS algorithm.
Evaluating the Chromosome

To evaluate the performance of the chromosomes, we use the Fitness Value
Calculation Procedure. We consider the infeasible solutions as well, as they may

provide some better results with crossover and mutation operators.
Selecting the Parents

We select two chromosomes as parents for the generation of two children using the

following ranking procedure.

Step 1. List the solutions in nonincreasing order of their fitness values.
Step 2. For each task in the list define a selection probability (SP;) as follows:

__ PS—rank of i +1

SP; PS(PS+1)/2

(4.58)

where SP; values are higher for better chromosomes.
Step 3. Generate two random numbers from U[0,1]

Step 4. Select parents according to the generated numbers and SP; values.

Crossover Operator

Crossover process is performed over two randomly selected parents. We start with
randomly selecting two cut points between 1 and N. The genes between the selected

cut points are preserved while other genes are crossed.

We illustrate the process on an example instance with following selected parents

given in Table 4.4.
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Table 4.4: Two selected parents for crossover

Parent 1 Parent 2

2 416 -1 -1 -1 -1(-1 3 71-1 -1 -1 -1 -1|-1
1 6|3 -1 -1 -1 -1|-1 1 8(4 -1 -1 -1 -1|-1
5 7(-1 -1 -1 -1 -1|-1 5 -1(-1 -1 -1 -1 -1(-1
g -1|1-1 -1 -1 -1 -1(-1 6 2|(-1 -1 -1 -1 -1|-1

First, we select two random numbers (a is the small number and b is the big
number). Then, we preserve the genes between two random numbers (inclusive) of
each gene set of parents 1 and 2, and create two lists (List 1 and List 2) for each parent.
List 1 starts with gene one plus big random number of last set in Parent 1 (gene b+1
of set ' +2) then continues with the ones that are not preserved for Parent 1. List 2 is

created similarly. An example for the preserved genes and lists are given in Figure 4.4.

We create Offspring 1 using the preserved genes from Parent 1 and List 2. We put
List 2 to the remaining genes of the preserved chromosome. We apply the same
method for Offspring 2. After creating the offspring, we modify the chromosomes
where the genes with “-1” must be at the end of sets. The crossover methodology is

summarized in Figure 4.4.
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Parent 1 Parent 2

2 46 -1 -1 1 -1]-1 3 7[1 1 -1 1 1]-1
AR E I T I A 1 8|4 -1 -1 -1 -1(-1
PO =T A S T [ R R | 5 1(-1 -1 -1 -1 -1]-1
,l 8 11 -1 -1 1|4 6 2|1 -1[f1 -1 1|1
l seredd ==~ — | g
,' e > 4| il ] A1 1L
| __3-1-1-1-1_I:__4-1-1-1-1_
R P T R A (R T A
{ Y T s T I 1 Y T N R 1 I
List 1T 2 |4 [-1]L |6 ]1]5 7 [1]8 "1]
List2 [-1]3 [7 [-1]1[8]-1]5[-1]-1]6 ]2 |

/ 7 —

/7 PP

!/ Offspring 1 = Offspring 2

-i§6-1-1-1-17:-12-1-1-1-1-14

1 1|3 -1 -1 -1 18| |1 1|4 -1 -1 -1 -1]6

1501 -1 -1 -1 -1|-1|1|-1 5|1 -1 -1-1-1|7

1 6|1 111 1|21 8f1 111 1|1
lr Reorganized Offspring 1~ ™ Reorganized Offspring 2
36 7 1 afifz 4111
|138-1-1-1-1-1:146-1-1-1-1-1
|5 4 -1 -1 -1 -1 -1 4|5 7 -1 -1 -1 -1 -1 -1
Lhe 2,2 -1 1 -1 -1 1fl|8 111 -1-1-1 -1

p—

Figure 4.4: llustration of the Crossover Operation

Resolving Offspring 1 and 2 may not give a feasible schedule for our problem, in

such a case we must use the procedure of Handling the Illogical Cases.
Mutation Operator

Mutation operation for offspring is applied over the crossover operation with the hope

of further improvement. The operation is performed only if a randomly generated
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probability value is greater than the predetermined mutation probability (MP). Below

is the stepwise description of the mutation operation.

Step 1. Chromosome Insertion.

V.
Vi.

Vii.

Eliminate some insertion for vehicles, nodes, and positions considering the
deadline constraint of the nodes.

Randomly select a vehicle v’ between 1 and V.

Calculate the potential gain for insertion (PGI) for each node and position.
If inserted node i is in the set for V+1, then

wi—B) 25:1(Dip+”-)ip)

PGIik =
T(Chk_1_yl)‘i+Ti.(Chk‘y/)_T(Chk_l_vl):(Chk‘y/)+ai+bi(PDi+P1Di)
for k=1,..,K
(4.58)

If inserted node i is in the set for 77+2, then

(Wi_mlaX{“il}) Z§=1(Dip +IDjp)

PGly = 7 T, -T +a;+b;(PD;+PID;)
(Chk—l,vl)'L l,(Chk‘V,) (Chk—l,vl)'(Cthﬂ)
for k=1,..,K
(4.59)

Select a node and position pair which provides maximum PGI value and
does not violate the maximum travel time for vehicle v".

Insert the selected node to the selected position of vehicle v'.

Go to Step 2 until each vehicle is selected.

Update the schedule and terminate the mutation operator.

If any node is inserted to a vehicle, then we stop the mutation operation. Otherwise,

we apply Step 2.

Step 2. Pairwise interchange of two genes.
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i. Calculate total travel time for the chromosome.

ii. Repeat the following procedure N times:

a.
b.
C.
d.

Randomly select two genes from chromosome.

Swap (pair-wise interchange) the two genes.

Calculate the total travel time for the new chromosome.

Calculate the change in the total travel time (difference between new

and existing chromosomes).

iii. Select the genes which provide maximum gain in the total travel time (only

consider the swaps which reduce the total travel time).

iv. Swap the selected genes.

v. Update the schedule and terminate the mutation operator.

If any node is swapped, then stop. Otherwise, we apply Step 3.

Step 3. Gene change

Select randomly one gene.

Generate a number randomly: it is -1 with probability of 0.5, and it is
between 1 and N with probability of 0.5.

Replace the gene with the randomly selected different gene.

Update the schedule and terminate the mutation operator.

We need to use Handling the Illogical Cases Procedure since resolving the

chromosome does not give a reasonable solution.

Termination Procedure

We set a termination limit of CTL xN <}V seconds for the genetic algorithm, where CTL

is predetermined constant. We set an upper limit of TNC operations, for the number of

crossover operations.
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The values of the parameters (AR, PA, PFD, PS, MP, TNC, CTL, NIMILS, NRMILS,

and AlphaMILS) are set via a parametric analysis discussed in Section 4.5.3.

4.4.3 Finalization: A Linear Programming Model

Given the vehicle routes and the hospitals served directly from the RBC, we find the
allocation of blood types using an LP model. Our LP model uses the assumed values
(UTy, a;;, and DV;) discussed in the Fitness Value Calculation Procedure and stated

as below:

Max z; = ZE=1 Z£=1 ZéV=IC+1 Wi(Ripv + Z§C=1 IRijpk) +
Yieer =1 2p=12ierc41 i (FRipy + Y, FIR;jipx) +
p=1 2reic+1 BiDRy (4.60)
Subject to
Constraints (10, 11, 12, 13, 15, 19, 20, 22) and
P 1(FRupy + XIS, FIRjipy) = 0 forv =1,2,..,Vorl & DC; or
L& CT or Y¥_, Xy =0or
(UT;;, = 0andi € U) (4.61)
P—1(Ripy + ZH1 IR jpy) (1 = XR=y Xijew) = O
fori=I1C+1,IC +2,..,N;

v=12..,V; (4.62)
Sikw = Sik—10 T @i + by Xp_1(Ripy + X551 IRjpo + Yiepn;(FRupy +
Y FIRyjipy)) + Ty fori=1C+1,IC+2,..,N;
j=01,..,N;i #J;
v=12..,V;
Kjkw = Xig-1p =1 (4.63)
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Sikw = Sig—1v + Qi + b Xl _jce1 2p=1 (IRi'ipk + Xiepn, FIRlii'pv) + Tyj
fori=1,2,..,IC;j=12,..,N;
k=12,..,N;v=12..,V;
KXiky = Xig—10 =1 (4.64)
P IRijpy + Sieon, FIRyipy = 0 for j =12, 1C;v = 1,2,..,V;
i=IC+1,IC+2,..,N;
Y=tk Xy < Tiz1k Xk (4.65)
Sikv = Sjkw + Tji for je CT; i € DH;; i € U;
k=12,..N; v=12,..,V;
UTij =1 (4.66)
Ripvs IRijpvs Sikvs F Ripy) FIR 1y, DRy 2 0
fori=01,..,N;p=12,..,P;
leDC; j=12,..,IC;
v=12,..,V; (4.67)

Objective function (4.60) maximizes the total weighted demand satisfied.
Constraint set (4.61) guarantees that the demand of a hospital cannot be satisfied from
a transfer point (another hospital) if the transfer point is not in the set for hospital or
the vehicle does not visit the transfer point, or the corresponding UT;;,, value is zero
for urgent demands. Constraint set (4.62) guarantees that if the vehicle does not visit
a hospital, then it cannot deliver any product to that hospital. The arrival time of a
vehicle to node j if node j is immediately visited after hospital i, and if node j is
immediately visited after irradiation center i, are calculated in constraint sets (4.63)
and (4.64), respectively. Constraint set (4.65) ensures the amount of irradiated product
p carried to hospital i from irradiation center j by vehicle v should be zero, if

irradiation center j is visited after hospital i. Constraint set (4.66) calculates the arrival
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time of the products to the hospitals with urgent demands and uses another hospital to

satisfy the demand. Constraint set (4.67) represents non-negative variables.

We round all product quantities (R;,y, IR FRijpy, FIR;j1py, and DRy, values)

ijpvr
returned by the model to the nearest integer values. If the solution is not feasible with
rounded Ripy, IR;jpys F Ripy, FIR;jipy, and DRy, values, we reduce the shipment to a
hospital with the minimum weight (where the modified weights are used) by one unit
until feasibility is maintained. Finally, we use the original hospital weights to obtain

the resulting objective function value.

4.5 Computational Experiments

In this section, we describe the computational experiments designed to evaluate the
performance of the solution approaches. The hybrid genetic algorithm is coded at the
C++ platform, and C++ CPLEX application of IBM ILOG CPLEX optimization studio
V12.6.2 is used to solve the mathematical models in our heuristic algorithm and the
MILP model under the time limit of two hours. All computational experiments are
conducted on a personal computer with Intel Xeon CPU E5-2650 2GHz (2 Processor)
and 128 GB RAM under Windows 10 operating system.

45.1 Parameter settings

We use the same 360 real problem instances given for Problem P1. Those problem
instances were encountered the Central Anatolian RBC between January 4 and
February 4, 2016. In addition to the data in their problem instances, we have used the
following methods of obtaining the additional parameters which are needed for our

problem.
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Set of hospitals (CT) that can be used to satisfy the demand of other hospitals
(CT) must have special refrigerator and enough storage space to keep the
products. Therefore, each hospital in the responsibility of the Central
Anatolian RBC cannot be in the set CT. The hospital set CT has been
determined by a manager from the TRC who knows the facilities of each
hospital.

Set of hospital using Options O2 and O3 are determined by using the travelled
time among the hospitals and hospital and RBC, respectively. A hospital can
take its demand from another hospital if the travelled time between two
hospitals is less than 20 minutes. A hospital can take its demand directly from
the RBC if its traveled time to RBC is less than 20 minutes. These travel time
limits are determined intuitively and experimentally. We run our randomly
generated problem instances with different travel time limits from 5 to 30
minutes, and then we observed that our objective function value does not
increase much after 20 minutes but CPU time to obtain the optimal solution
drastically increases.

Weight for satisfying demand by Option O2 («;;) and satisfying demand by
Option O3 (B;) are determined with the help of a manager from the Turkish
Red Crescent. The manager claims that the original weights of the hospitals
will be reduced maximum ten and twenty percent if Options O2 and O3 are
used, respectively, by considering the travel times among the hospitals and

hospital and the RBC. Then, we create the weights a;; and 3; by the following

formulas.
0.10XT;
ay = w; (1 - —maXXT_ll> (4.68)
1 14
0.20XT;
Bi = w; <1 ~ ﬁ) (4.69)

With the above formulas, we also preserve the relative importance of the
hospitals.
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e In order to consider the urgent demands in our problem, we modified the
weights of the hospitals with urgent demands. We modify its original weight
by adding maximum relative weight in the problem instances which is ten in
our problem instances.

e Weuse 2, 3,4, and 5 vehicles in our problem instances.

e The length of a distribution period is 2 hours, and this period defines the
maximum travel time allowed to each vehicle.

e There exist 2 irradiation centers.

The number of nodes and product ranges are given in Table 4.5.

Table 4.5: Number of nodes and product types in our data set

Group 1 2 3 4 5 6 7 8 9
N 10-14 15-19 20-24 25-29 30-34 35-39 40-44 45-49 50-54
P 8-19  8-23 13-23 15-21 16-22 17-24 20-27 19-30 20-28

45.2 Performance measures

To evaluate the performance of the heuristic algorithms, we consider the best non-
integer solution (some of the variables are non-integer) obtained by MILP within two

hours of time limit.

We use the following performance measure for each problem instances since best
integer value and best non-integer value obtained by the MILP are same in the optimal

solutions:

ZN—ZH
ZH

Percent Error = PE =

x100 (4.70)
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where zV is the value of the non-integer solution returned by the MILP model, and
zH" is the value of the objective function returned by the heuristic algorithm. We use
the best integer value returned by the MILP mode to evaluate its solution quality which
is calculated as follows:

PE =222 4100 4.71)

zB

where z2 is the value of the best integer solution returned by the MILP model. The
number of optimal solutions obtained is another performance measure for the heuristic
algorithm. The optimality of the heuristic algorithm is assured when the objective

function value is equal to the best non-integer objective function value of the MILP.

The CPU time is another performance measure used for the heuristic algorithm and
the MILP model.

4.5.3 Parameter tuning for the heuristic algorithm

In this section, we discuss the selection of the parameters used by our heuristic
algorithm. We use Groups, 1, 5 and 9 from Table 4.5 and set the number of vehicles

to 2 and 5. Five random instances are used for each parameter combination.

Table 4.8 reports the values of the parameters used in the initialization part. For
each value of the tested design parameters, we keep the other parameters at fixed
values. The fixed values are also reported in Table 4.6. We give the PE values and
CPU time for each tested level, and base our selection on the best trade-off between

the PE values and CPU times. The selected values are also given in the table.
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Table 4.6: The results of the parameter tuning- Initialization part

Initialization part
Parameter -
Levels 1 2 3 Best Selected | Fixed
Assi ¢ rati Values | 0.6 0.8 1.0
(;é;gnmen ratio PE 27 25 22 10 ; s
CPU 1.1 | 12 | 12 0.6 '
Assi ) Values | 0.3 0.5 0.7
ssignmen
probability (PA) PE 24 | 25 | 24 | 03,07 0.7 05
CPU 1.1 1.1 1.1 0.3,0.5,0.7
Values | 0.3 0.5 0.7
Probability of direct
visit (PFD) PE 24 | 25 | 22 07 0.7 05
CPU 1.2 1.2 1.1 0.7
Total number of Values | 10 20 40
initial schedule PE 25 25 2.3 40 40 20
(TNRIS) CPU 1.2 1.2 1.1 40
Number of insertion | Values | 1 3 5
positions PE 2.4 2.5 2.4 15 5 3
(IPOS) CPU 1.2 | 1.2 | 09 5
Acceptable Values | 1.000 | 1.001 | 1.002
percentage increase PE 2.3 2.5 2.4 1.000
1.002 1.001
(AIP) CPU 1.8 1.2 0.9 1.002
Number of iterations | Values 3 4 6
for the main
PE 2.5 2.5 2.3 6
algorithm 3 3
ngm CPU 1.2 1.2 1.4 3.4
# of iterations for the | Values | 10 50 | 100
Modified ILS Alg. PE 25 2.2 2.4 50 50 10
(NIMILS) CPU 1.2 1.1 1.0 100
# of runs for the Values | 2 5 10
Modified ILS Alg. PE 2.7 2.5 2.5 5,10 10 5
(NRMILS) CPU 1.1 | 12 | 11 2,10
Alpha value for Values | 04 | 06 | 0.8
Modified ILS Alg. PE 25 2.5 25 | 04,06,0.8 06 0.6
(AlphaMILS) CPU 1.2 1.2 1.2 | 0.4,06,0.8 ' '

For the improvement stage of the algorithm, we first decide on the termination limit
(CTL). We test four values (1, 3, 6 and 9) for the CTL values. Table 4.7 reports on the
performance values of each value of CTL.
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Table 4.7: The results of the parameter tuning—CTL value

Value 1 3 6 9
Avg. PE 2.23 2.18 211 2.06
Avg. CPU (Min) 2.09 5.74 11.38 17.01

After analyzing the performance results we set CTL value to 6, as it leads to
reasonable CPU times with good PE values. The PE values for CTL values of 6 and 9

are 2.11 % and 2.06 %, respectively, hence are very close.

For the other parameters’ tunings, we set a constant termination limit and use PE
for the selection criterion. We use three levels for each parameter and set the other

parameters to the fixed values given in table.
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Table 4.8: The results of the parameter tuning —Improvement part

Parameter Improvement part
Levels 1 2 3 Selelcted F|>I<ed
) . Values | 0.6 0.8 1.0
Assignment ratio (AR)
PE 215 | 2.20 2.20 1 0.8
] - Values | 0.3 0.5 0.7
Assignment probability (PA)
PE 221 | 214 2.18 0.5 0.5
. ] o Values | 0.4 0.6 0.8
Probability of direct visit (PFD)
PE 219 | 221 2.19 0.8 0.6
o Values 5 10 20
Population size (PS)
PE 225 | 214 2.21 10 10
Mutation Probability Values | 0.1 | 05 | 09
(MP) PE 220 | 214 | 222 0.5 0.1
Total number of crossover Values | 40 80 | 120
(TNC) PE 214 | 213 | 217 80 40
# of iterations for the Modified | Values | 10 50 | 100
ILS Alg. (NIMILS) PE 221 | 219 | 2.21 50 10
# of runs for the Values 2 5 10
Modified ILS Alg. (NRMILS)
(NRMILS) PE 221 | 220 | 219 10 2
Modified ILS Alg. (AlphaMILS) | pg 213 | 221 | 214 0.4 0.6

The table also includes the parameter value fixed while selecting the other
parameters. The selected value of the parameter is the one that leads to the smallest
PE value.
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45.4 Discussion of the results

In this section, we discuss the results of the experiment for the MILP model and the
heuristic algorithm.

We observe that the MILP returns optimal solution only for the small-sized problem
instances with up to 25 nodes, and report the related CPU times in Table 4.9. We set a
termination limit of 2 hours for the MILP model.

Table 4.9: The CPU times of the MILP model — small-sized instances

CPU (Sec.) # of solved in CPU
N V Avg. Max. limit of 2 hours
10-14 3033 | 7200 6
15-19 2 7200 | 7200 0
20-24 7200 | 7200 0
Avg., Max., (sum) 5811 | 7200 (6)
10-14 137 641 10
15-19 3 6670 | 7200 2
20-24 7200 | 7200 0
Avg., Max., (sum) 4669 | 7200 (12)
10-14 103 452 10
15-19 4 3509 | 7200 7
20-24 6865 | 7200 1
Avg., Max., (sum) 3492 | 7200 (18)
10-14 105 250 10
15-19 5 2608 | 7200 8
20-24 6105 | 7200 3
Avg., Max., (sum) 2939 | 7200 (21)
Avg., Max., (sum) 4228 | 7200 (57)

Note from the table that even for the small-sized problem instances. The majority
of the problems could not be solved in our termination limit of two hours.

We observe that the performance of the MILP highly depends on the problem size
parameters. Any increase in N and V leads to significant changes in CPU times. Note

that when there are 10-14 nodes, the average CPU time decreases from 3033 to 105
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seconds. When the number of vehicles increases from 2 to 5. When the average number
of vehicles is 4, the average CPU times increases from 103 to 6865 seconds when the

number of nodes increases from 10-14 to 20-24.

We report the PE values of the heuristic algorithm for the small-sized problem

instance whose optimal solutions are returned by the MILP, in Table 4.10.

Table 4.10: Performance of heuristic algorithm — the instances with known optimal solutions

N Vv . # of é\F:?J PE (%) opﬁr(r)]tjm
Instances (Sec.) | Avg. Max. solutions
10-14 2 6 148.90 0.00 0.00 6
10-14 3 10 231.85 0.00 0.03 9
15-19 2 337.59 0.00 0.00 2
10-14 10 308.98 0.00 0.00 10
15-19 4 7 422.57 0.00 0.00
20-24 1 485.19 0.00 0.00 1
10-14 10 386.30 0.00 0.00 10
15-19 5 8 534.53 0.00 0.00 8
20-24 3 617.95 0.02 0.06 2
Avg., Max., (sum) (57) 358.12 0.00 0.06 (55)

The HGA uses the parameters that are fine tuned in the previous section.
Accordingly, we set the termination limit for the instances with N nodes and V vehicles

to N X V X 6 seconds.

Note from the table that the HGA obtains optimal solution for the 55 out of 57
instances. The gaps of the unsolved instances are 0.03 % and 0.06 %. These values

show the outstanding performance of our HGA over small-sized problem instances.

Table 4.11 reports on the performance the MILP model and the HGA over all
problem sets, residing 360 problem instances.
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Table 4.11: Performance of heuristic algorithm and the MILP model — over all problem set

PE (%)
MILP model HGA

N Vv Avg. Max Avg. Max.
10-14 0.39 1.66 | 0.17(6)* 0.60
15-19 1.09 3.46 0.80 1.64
20-24 6.50 17.89 4.00 11.42
25-29 8.19 22.12 4.23 15.74
30-34 2 10.77 27.80 4.44 10.47
35-39 10.62 18.65 5.14 8.17
40-44 9.75 16.07 4,96 8.59
45-49 15.62 23.76 6.58 9.67
50-54 16.65 22.27 6.86 12.37
10-14 0.00 0.00 | 0.00(9)* 0.03
15-19 0.35 2.10 | 0.03(6)* 0.16
20-24 5.77 23.87 247 14.96
25-29 5.26 13.74 2.18 11.83
30-34 3 8.05 12.51 2.61 8.12
35-39 8.92 14.81 2.55 3.48
40-44 20.23 46.41 3.13 5.14
45-49 17.82(2)** 25.28 4.69 7.83
50-54 23.00(1)** 32.55 5.01 8.91
10-14 0.00 0.00 | 0.00(10)* 0.00
15-19 0.03 0.20 | 0.00(10)* 0.00
20-24 3.92 12.85 | 0.80(1)* 4.25
25-29 3.64 9.20 0.66 2.39
30-34 4 7.66 12.29 1.80 6.67
35-39 11.92 20.78 1.61 2.98
40-44 12.06 25.21 2.14 3.95
45-49 20.20(4)** 24.84 2.89 4.38
50-54 21.98(1)** 27.99 3.47 5.73
10-14 0.00 0.00 | 0.00(10)* 0.00
15-19 0.03 0.30 | 0.00(10)* 0.00
20-24 2.94 8.32 | 0.49(5)* 4.33
25-29 2.22 5.70 | 0.28(5)* 1.54
30-34 5 7.28 11.26 1.07 5.23
35-39 12.57 37.23 1.03 3.21
40-44 11.58 17.33 1.25 2.58
45-49 19.73(4)** 32.77 2.21 5.39
50-54 22.45(1)** 31.65 242 4.42
Avg., Max., (sum) | 9.14(13)** 46.41 | 2.28(72)* 15.74

*Number of times HGA equals to the upper bound
**Number of times no feasible solution is found in 2 hours.

We observe that the MILP fails to return any feasible solution of 13 out of 360

problem instances, after 2 hours of execution.
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From Table 4.11, we also observe that heuristic algorithm returns optimal solutions
for 72 out of 360 problem instances. We also observe that the PE from the non-integer
solutions returned by the MILP of heuristic algorithm is 2.28 percent. It means PE
from the optimal solution is less than 2.28 percent. Recall that the CPU times of the
heuristic are fixed to CTL xN <V seconds, whereas those instances could not be solved
in two hours by the MILP. Hence, our algorithms provide much better results than the
MILP in relatively short CPU times.

We can see from Table 4.11 that the PE of both MILP model and HGA increases
when the number of nodes increases since problem size increases. Note that when there
are 2 vehicles, the PE values for the MILP model are 0.39 and 16.65, for N = 10 —
14 and N = 50 — 54, respectively. For the HGA, the respective PE values are 0.60
and 12.37 for N = 10 — 14 and N = 50 — 54. This is due to the fact that the number
of integer variables increases and the differences between integer solution and the
relaxation of the problem getting bigger. Number of vehicle does not significantly
affect the PE of the MILP model but it significantly reduces the PE of the heuristic
algorithm. It may be due to the number of alternative solution increases when the

number of vehicles increases.

We can conclude that the MILP does not perform well since most of the problem
instances are not optimally solved by the MILP model in two hours. Moreover, the
MILP model cannot obtain an integer feasible solution for 13 problem instances within
2 hours of CPU time and its relative gap between best non-integer and best integer
solution is too high. On the other hand, our heuristic algorithm provides high quality
solutions in relatively small pre-determined CPU times. Heuristic algorithm returns
optimal solutions for 72 problem instances (out of 360). Hence, we can suggest user

to use the heuristic algorithm to solve the problem of any size.
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We also analyze the effects of the number of hospitals served, and the number of
vehicles on the maximum weighted satisfied demand (z) and report the results in Table
4.12.

Table 4.12: Objective function values of the heuristic algorithm

V 2 3 4 5

N Avg. z Avg. z Avg. z Avg. z
10-14 655.99 656.90 656.90 656.90
15-19 641.89 645.54 645.65 645.65

20-24 1104.78 113276  1142.33  1143.73
25-29 121529  1239.25  1247.73  1252.73
30-34 2038.22  2076.31 2097.36  2111.18
35-39 224737  2308.56 232820  2339.60
40-44 3531.62  3601.83 3639.41  3659.55
45-49 4226.65  4332.67  4403.79  4440.29
50-54 4350.45  4446.57  4512.60 455471
Avg. 222359 227115  2297.11 231159

Note from the table that, increasing the number of vehicles increases z value. The
increases are more significant when the number of vehicles is small. When the number
of nodes is between 45-49 and the number of vehicles increases from 2 to 3, the total
satisfied demand increases to 4332.67 from 4226.65. For the same case, when the
number of vehicles increases from 4 to 5, the total satisfied demand increases to
4440.29 from 4403.79. Using the results of Table 4.12, the managers may analyze the
trade-offs between number of vehicles and z value and select the best solution

according to their preferences.
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4.5.5 Sensitivity analysis

In this section we aim to analyze the effects of some critical parameters on the
maximum total weighted satisfied demand amount (z). We select the maximum travel
times for vehicles (MT;), availability of products (4,), and weight of the hospitals (w;)

as critical parameters for the vehicles, products and hospitals, respectively.

For the effects of the M7, we select two levels: 120 minutes to represent low and
180 minutes to represent high travel times. To see the effect of product availabilities,
i.e., A, values, we select two levels: the original product availabilities and twice of the
original product availabilities for the second level to represent low and high
availability levels, respectively. To see the effects of hospital weights we use two
levels. The low weight level is represented by the original data where the weights are
distributed between 0.5 and 10. To find the high weight level instances, we take the
weights of the low weight instances and double the ones that are below 5; hence, the
resulting weights are distributed between 1 and 10.

We select three problem combinations (Group 1- small sized instances with 10-14
nodes, Group 5 — medium sized instances with 30-34 nodes, and Group 9- large sized
instances with 50-54 nodes) from Table 4.5 and report the associated results in Table
4.13. We set the number of vehicles to 2.

Note from Table 4.13 that the z values increase from 4676.93 to 4803.22 when the
maximum travel times increase from 120 to 180 minutes for large sized instances. This
is due to the fact that by increasing travel times, more room becomes available for
demand satisfactions. We also observe that increasing the maximum travel time does
not have a significant effect on the z values for the small and medium sized problem

instances.
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Table 4.13: Sensitivity analysis based on the parameters

Original High MT, Twice A, Modified w;

Group 1 923.67 925.50 942.19 1510.84
z Group 5 2173.56 2229.34  2208.16 3489.09
Group 9 4676.93 4803.22  5115.04 6619.08

We also observe that z values slightly improve when the product availability
increases. The improvement is more significant for the large-sized instances. It is less
than expected and we can conclude that the availability of product is not a highly

binding constraint for satisfying the demand of hospitals.

Table 4.13 also shows that when the some hospital weights are doubled, the z values
increase from 623.67 to 1510.84 (about 64%), from 2173.56 to 3489.09 (about 60%),
and 4676.93 to 6619.08 (about 41%) for the small, medium, and large-sized instances,

respectively.
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CHAPTER 5

CONCLUSIONS AND FUTURE RESEARCH ISSUES

In this study, we consider the blood distribution system in Turkey and focus on the
Central Anatolian Regional Blood Center. We studied two problems for the blood

distribution system in Central Anatolian Regional Blood Center.

To the best of our knowledge, our first problem is the first attempt that considers
irradiation centers, urgent demands and blood products availability. Including
irradiation centers leads to precedence structure where product availability may lead
to partial satisfaction of the demands of some customers. Hence, we study the

allocation of the demand along with their distribution to the hospitals.

We aim to maximize the amount of blood products carried to the hospitals for each
distribution period of specified length. Among the alternative optimal solutions of the

problem, we select the one that minimizes the total time travelled.

We model the Problem 1 as a MILP model and improve its efficiency using the
properties of the optimal solutions. We find that the MILP model cannot be solved
within our termination limit of one hour. Having experienced the difficulty of attaining
optimal solutions through the MILP, we propose two decomposition-based heuristic
procedures. We collect and organize real data to test the performances of the MILP
and heuristic procedures. We analyze the effects of the problem size parameters
(number of hospitals, number of vehicles) on the difficulty of the solutions and on the

maximum satisfied demand and total time travelled values. We find that our heuristics
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return high quality solutions at reasonable times and can be used to solve large sized
problem instances. We also observe that the maximum satisfied demand and total time
travelled are sensitive to the number of vehicles, number of the hospitals, and weight
of the hospitals. We study the trade-off between the problem size parameters and
maximum satisfied demand and total time travelled values, we recommend the
managers to select the number of vehicles that best fulfils their demand satisfaction

and travel cost concerns.

Our second problem extends the first problem with considering two more demand
satisfaction options. We aim to maximize the amount of blood products carried to the
hospitals for each distribution period of specified length.

We model the Problem 2 as a MILP model and improve its efficiency using the
properties of the optimal solutions. We find that the MILP model cannot be solved
within our termination limit of two hours. Having experienced the difficulty of
attaining optimal solutions through the MILP model, we propose a hybrid genetic
algorithm with three stages: initialization based on iterative local search algorithm,
improvement based on genetic algorithm and finalization is based on a linear
programming. We collect and organize real data to test the performances of the MILP
and heuristic procedures. We analyze the effects of the problem size parameters
(number of hospitals, number of vehicles) on the difficulty of the solutions and on the
maximum satisfied demand and total time travelled values. We find that our heuristic
algorithm returns high quality solutions at reasonable times and can be used to solve
large sized problem instances. We also observe that the maximum satisfied demand is
sensitive to the number of vehicles, number of the hospitals, and weight of the
hospitals. We study the trade-off between the problem size parameters and maximum
satisfied demand, we recommend the managers to select the number of vehicles that

best fulfils their demand satisfaction concerns.
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Our motivation in the study was to improve the distribution system of the TRC. We
hope our study opens new research directions for theoretical and practical concerns.
For theoretical purposes, the development of exact procedures using decomposition
ideas might be worthwhile. The practitioners may extend our study to multiple RBCs,
full demand satisfactions, and time windows on service times for hospitals and visits
times of irradiation centers. Moreover, a strategic problem of opening new irradiation

centers and defining their locations might be worth studying.
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APPENDIX

Table Al. Information about RBC in Turkey

Regional Blood Number Number Provinces which are in the
Center of BC  of BS responsibility of RBC

Aegean RBC 7 10  Izmir, Mugla, Aydim, Usak, Manisa,

Denizli

North Marmara RBC 5 1 Istanbul

Central Anatolian 5 6 Ankara, Konya, Corum, Kirikkale,

RBC Kastamonu, Cankiri, Karaman

Central 3 8 Adana, Mersin, Hatay, Osmaniye

Mediterranean RBC

East Mediterranean 4 5 Gaziantep, Sanliurfa,

RBC Kahramanmaras, Kilis

South Marmara RBC 4 3 Bursa, Balikesir, Yalova, Canakkale

West Black Sea RBC 5 6 Diizce, Sakarya, Kocaeli,
Zonguldak, Karabuk, Bolu, Bartin

Inner Anatolian RBC 5 1 Kayseri, Nevsehir, Kirsehir, Sivas,
Yozgat, Aksaray, Nigde

West Mediterranean 3 2 Antalya, Burdur, Isparta

RBC

Central Black Sea 3 2 Samsun, Tokat, Ordu, Sinop,

RBC Amasya

West Anatolian RBC 3 1 Eskisehir, Kiitahya, Afyon, Bilecik

East Anatolian RBC 2 3 Erzurum, Erzincan, Tunceli,
Ardahan, Bayburt, Kars

East Black Sea RBC 5 0 Trabzon, Rize, Artvin, Giresun,
Giimiishane

South Anatolian RBC 3 2 Diyarbakir, Siirt, Batman, Sirnak,
Bingol, Mardin

South West RBC 2 0 Malatya, Elazig, Adiyaman

South East RBC 2 0 Van, Mus, Hakkari, Agr1, Igdir,
Bitlis

Europe RBC 3 4 Istanbul, Edirne, Kirklareli,
Tekirdag

Total 64 54

RBC: Regional Blood Center, BC: Blood Center, BS: Blood Stations



138



CURRICULUM VITAE

PERSONAL INFORMATION

Surname, Name: Kurt, Atil

Nationality: Turkish (TC)

Date and Place of Birth: 1 September 1986, Malatya
Marital Status: Single

Phone: +90 538 326 45 63

Fax: +90 312 233 10 26

email: atil.kurt.ie@gmail.com

EDUCATION

Degree Institution Year of Graduation
MS Cankaya University Industrial Engineering 2012

BS Cankaya University Industrial Engineering 2008

High School Seyranbaglart High School, Ankara 2003

WORK EXPERIENCE
Year Place Enrollment

2009- Present Cankaya University Ind. Eng. Dept. Expert
2007 July Argelik Refrigerator Factory Intern Engineering Student
2006 July Hidromek Intern Engineering Student

FOREIGN LANGUAGES
High-intermediate English
HOBBIES

Latino dances, reading, and movies

139



