MIXED PICKUP AND DELIVERY VEHICLE ROUTING PROBLEM WITH TIME
WINDOWS, SHIFTS AND MEAL BREAKS

by
Cigdem Karademir

B.S., Industrial Engineering, Bogazici University, 2017

Submitted to the Institute for Graduate Studies in
Science and Engineering in partial fulfillment of
the requirements for the degree of

Master of Science

Graduate Program in Industrial Engineering
Bogazici University

2020



il

ACKNOWLEDGEMENTS

First of all, I would like to express my special thanks of gratitude to my supervisor Prof.
Dr. Umit Bilge for encouraging, motivating and giving confidence throughout this thesis.
Her guidance and immense knowledge helped me in all the time of research and writing
of this thesis. This work could not have been accomplished without her useful comments,

remarks and engagement through the learning process of this master thesis.

Besides my advisor, I am grateful for having the opportunity to work with to Prof. Dr.
Necati Aras for his insightful comments and guidance during the study and also being a jury
member for my thesis committee. The door to Prof. Aras office was always open whenever |
ran into a trouble spot or had a question about my research or writing. I would like to thank
Assist. Prof. Hande Kiigiikaydin for being part of my thesis committee and for their valuable

comments.

To Hande, Selin and Derya - thank you for always being enthusiastic, loving and
supporting friends as well as sisters. We grew together and shaped our lives during the

debates, dinners, and game nights as well as the parties and vacations.

I am eternally grateful to my dear family for their love, unlimited encouragement and
trust in the path I have taken up to now. My life would have been much harder without their
unconditional support. You brought me today and made me the person who I am. They

deserve to take credit for all my accomplishments.

My appreciation also extends to my dear friends and fellow colleagues. Thanks to
Feyyaz, Gizem, Orkun, Selin, Tarkan, Bugra and Elif for the great times we spent together,
on-campuss and off-campus. You can make me laugh and happy during the coffee and lunch
breaks. I also thank to my lab partners Gokalp, Mert, Bahadir, Gok¢e and Ekin for all your
help and friendly environment you provided in BUFAIM.



iv

To Feyyaz, my dearest friend - thank you for being beside me all the undergraduate and
graduate years. You are the definition of friendship in happiness and sadness. You give the
point of view when I need it, and with your knowledge, you expand my vision into life and

history in every subject.

Last but certainly not least, my deepest gratitude to Ahmet Pala. You are the joy of my
life. Thank you for making me comfortable and valuable during all the years we have spent
together. You have always been with me with your endless support in all the difficulties I

faced during my graduate education.

I also thank TUBITAK for financially supporting me during my graduate studies
under BIDEB-2210 program. Also, I would like to thank EKOL Logistic for providing this

challenging problem to study in this thesis.



ABSTRACT

MIXED PICKUP AND DELIVERY VEHICLE ROUTING PROBLEM
WITH TIME WINDOWS, SHIFTS AND MEAL BREAKS

Last mile delivery remains to be a focal point in the operations of logistics service
providers. As more customers are willing to pay a premium price for receiving or sending
their parcel within a specific time window, the Vehicle Routing Problem with Time Windows
(VRPTW) has been an active research area. However, realistic problem features such as the
existence of multiple working shifts and the meal breaks of the delivery personnel assigned
to each shift have not received sufficient attention in the literature. The existence of these
additional requirements gives rise to the VRPTW including Mixed Pickup, Delivery, Meal
Breaks and Shifts (VRMPDTW-BS) which is the main focus of the present study. The
fact that the time windows of some customers overlap with several shifts brings additional
complexity since the problem cannot be decomposed with respect to shifts. We develop three
methods for the solution of the VRPMPDTW-BS. The first method involves the formulation
of a mixed-integer linear programming model, which can be solved to optimality for relatively
small instances up to 25 customers. The main use of this model is to assess the quality of the
solutions obtained by the proposed three-phase heuristic that is based on generating an initial
solution and improving it using a large neighborhood search mechanism that monitors the
positions of the nodes in the solution to learn their best place. With the help of node mobility
concept, the initial solutions are improved in terms of the number of vehicles as well as the total
distance by combining the proposed large neighborhood search with simulating annealing
procedure. For larger instances with more than 1000 customers, we also devise another
heuristic based on partitioning the customers into a number of clusters and then applying
our heuristic for each cluster. The results obtained on instances of different sizes show that
the proposed heuristic yields solutions of good quality within acceptable computation times
for VRPMPDTW-BS. Additionally, the proposed heuristic is comparable to the state of art

heuristics in the literature for different variants of Vehicle Routing Problem with Backhauls.
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OZET

KARISIK DAGITIM VE TOPLAMALI, ZAMAN KISITLI,
VARDIYALI VE MOLALI ARAC ROTALAMA PROBLEMI

Son aliciya teslimat, hizmeti saglayan lojistik firmalarinin odak noktas1 olmaya de-
vam etmektedir. Paketlerini belirli zaman araliginda teslim almak veya gondermek isteyen
miisteri sayist arttikca Zaman Kisitli Ara¢ Rotalama Problemi (VRPTW) etkin bir arastirma
alan1 olmaya devam etmektedir. Fakat birden fazla vardiyanin ve teslimat gorevlilerinin mola
saatlerinin var olmasi gibi gercege yakin problem 6zellikleri literatiirde gereken dikkati ¢ek-
memistir. Bunlar gibi fazladan gereksinimler, bu tezin odak noktasi olan Karisik Dagitim ve
Toplamali, Zaman Kisitli, Vardiyali ve Molali Ara¢ Rotalama Problemi’ni (VRPMPDTW-
BS) a¢18a ¢cikarmistir. Baz1 miigterilerin zaman araliklarinin birden fazla vardiya ile ortiismesi
fazladan zorluk getirir. Ciinkii problem vardiyalara gore ayristirllamaz. VRPMPDTW-
BS ¢oziimii igin {i¢ metot gelistirildi. Ilk metot, 25 miisteriye kadar gorece olarak daha
kiigiik problemleri en iyi olarak ¢ozen bir karigik tam sayili lineer programlama modelinin
formiilasyonunu igerir. Bu modelin esas kullanimi, bir ilk ¢oziim iireten ve bu ¢oziimii
miisterilerin pozisyonlarini bir ¢oziimdeki en iyi yerlerini 6grenmek i¢in takip eden genis
komsguluk aramasi mekanizmasiyla iyilestiren lic asamali sezgisel yontemin olusturdugu
coziimleri degerlendirmektir. Miisterilerin takibi kavraminin yardimiyla, ilk ¢oziimler arag
say1s1 bakimindan oldugu gibi 6nerilen genis komsuluk aramasinin benzetimli tavlama ile
birlestirilmesiyle toplam uzaklik bakimindan da iyilestirilir. 1000 miisteriden fazla biiyiik
problemler icin, miisterileri belirli sayida kiimelere ayirmaya ve sonra her bir kiimeye sezgisel
yontemimizin uygulanmasina dayanan baska bir sezgisel yontem tasarlanmistir. Farkli biiyiik-
liiklerdeki problemlerden elde edilen sonuglar, onerilen sezgisel yontemin VRPMPDTW-BS
icin kabul edilebilir hesaplama zaman i¢inde iyi kalitede sonuclar verdigini gostermistir.
Ayrica, Onerilen sezgisel yontem farkli Toplamali Ara¢ Rotalama Problemi cesitleri igin

literatiirde bulunan en gelismis sezgisel yontemlere denk sonuglar verebilmektedir.
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1. INTRODUCTION

Last mile delivery has a central importance in the operations of logistic service providers
(LSPs) worldwide. This importance will continue to increase in the future due to the boost
in the number of people who make shopping online. It is estimated that e-commerce sales
worldwide reach 3.54 trillion US dollars in 2020 and the same figure is expected to rise to
4.93 trillion US dollars in 2021 (Statista, 2020). 2.05 billion people buy at least one item
online in 2020. As pointed out in the Digital Turkey 2019 E-commerce report, the percentage
of people who make purchases on the internet was 68% in 2019, and the amount of money
spent became 11.3 billion US dollars (hostingfacts.com, 2020). This corresponds to 39%
increase from previous year in terms of local currency (Turkey, 2020). These estimates are
made after the COVID19 epidemic and it is observed that they have been adjusted to even
higher numbers when compared to the estimated values from the previous years for 2020. As
aresult, it appears that a growing trend will be observed in the number of home deliveries in

the following years all over the world.

This study is motivated by the operational problems of an LSP operating in Turkey.
This company offers many logistics services, and the line of business giving rise to the
present study is the last mile delivery and pickup operations that aim to ensure timely service
of products ordered by the customers at major e-tailers. Customers can request delivery
(linehaul) or pickup (backhaul) service. All deliveries are loaded on the vehicles at the
depot and all pickups are returned to the depot to be delivered the next day. There is no
dependence between pickup and delivery customers or no precedence relationship between
customers. The independence of customers enables us to serve pickups and deliveries in any
order. Mixing pickups and deliveries reduces the logistics cost but may increase the material
handling effort in the vehicle. Serving first deliveries then pickups is preferred in many
logistic operations to reduce the effort in rearranging packages in the vehicle but places a
significant constraint on routing problem and increases the operational costs. Regarding this
trade-off, the LSP wants to operate as mixed pickups and deliveries. An emerging trend in

this sector is the customers’ behavior in receiving or sending the packages: more customers



are willing to pay a premium price for receiving or sending their parcel within a specific
time window because they do not want the personnel to arrive when they are not at home.
Besides this tendency in customer behavior, there are also some operational requirements to
be considered by the LSP, which further complicate planning the activities of the LSP. First,
the personnel of the company work in two shifts during the day. The first shift starts at 8:15
am and finishes at 3:45 pm, while the working hours of the second shift span the time between
2:45 pm and 10:15 pm. This means that the two shifts have overlapping service hours. The
second requirement on the operational side is the existence of meal breaks in the shifts. The
duration of the breaks is 30 minutes, and they take place between 12:00 pm and 12:30 pm in
the first shift, and between 6:30 pm and 7:00 pm in the second shift. It is worth noticing that
specific locations are not designated for meal breaks, and they can take place between two

customer locations.

The goal of the LSP is to carry out the delivery and pickup operations with the smallest
fleet of vehicles. This means that the company is less concerned with the total distance
traveled by the vehicles. Most probably, this strategy is due to the fact that the fixed cost of
a vehicle is much more significant than the reduction in the traveling distance or fuel cost
that can be gained by increasing the fleet size by an additional vehicle. Hence, the problem
addressed by the LSP is a variant of the Vehicle Routing Problem with Mixed Pickups and
Deliveries and Time Windows (VRPMPDTW) which includes meal breaks and shifts. We
refer to this problem as VRPMPDTW-BS.

As a matter of fact, the LSP defines several time windows for its customers and some of
these time windows indeed overlap with both shifts. There are also time windows that entirely
remain within the interval of one shift. The largest time window covers the daily working
hours of the LSP. Figure 1.1 illustrates the nature of the time windows as well as the shifts. In
this figure, Type 1 and Type 2 refer to the time windows remaining in a shift’s interval whereas
Type 0 time windows overlap with both shifts. It is worth mentioning that the existence of
Type 0 time windows brings additional complexity to the solution of VRPMPDTW-BS since
the problem cannot be decomposed with respect to the shifts. Therefore, in addition to

the classical routing and service-start decisions that need to be made in VRPTW, decisions



related to customer-to-shift assignment decisions should also be taken into account. There is
no extra cost on the waiting times. Notice that the waiting of a vehicle occurs when it arrives

at a customer before the earliest start time of the service, that is the beginning of the time

window.
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Figure 1.1. The structure of time windows and shifts.

Other characteristics of the problem dealt with in this study can be summarized as
follows. There is a single depot, and the number of customers that need to be visited daily
is above 1000. Moreover, the distances between the customers as well as between the depot
and customers are asymmetric. Another important point worth mentioning based on the
information provided by the LSP is that it is possible to assume that the fleet consists of
homogeneous vehicles and that the vehicles are uncapacitated. The main reason of the
latter assumption is the existence of time windows for customers, the duration of the shifts,
meal breaks, and the non-zero service times at customers restrict the maximum number of
customers that can be served by a vehicle in a shift. Moreover, the vehicles owned by the LSP
have sufficient capacity to easily carry and serve all the items for customers whose number is

limited due to aforementioned reasons.



We develop a heuristic method for the solution of the VRPMPDTW-BS, which turns
out to be a rich VRP. This heuristic consists of three stages. In the first stage, a construction
heuristic is utilized that is based on an extension of the classical Clarke-and-Wright savings
heuristic (Clarke and Wright, 1964). This extension can handle all the restrictions of the
problem and generate solutions of good quality within short computation times. The second
stage involves a large neighborhood search that makes use of destroy and repair heuristics
in an iterative way to reduce the number of vehicles as well as the total distance in the third
stage. The proposed heuristic is called Large Neighborhood Search with Smart Node Mobility
(LNS-SNM) and it utilizes the removal and insertion history of the nodes to learn their best
positions for a given problem. During search iterations, LNS-SNM monitors the positions
of nodes and updates their tendency values that measure the potential of nodes to relocate.
LNS-SNM decides the set of nodes to remove by using fendency information to efficiently
reduce the number of vehicles first, and then to reduce the total distance of vehicles. It is a
powerful monitoring strategy for route reduction and also an efficient distance reduction tool

when hybridized with a simulated annealing procedure.

In order to assess the performance of our heuristic, LNS-SNM, we develop a mixed-
integer linear programming (MILP) model. To the best of our knowledge, it is the first
mathematical programming model for VRPMPDTW-BS including meal breaks and shifts
together. This model can be solved to optimality for problems up to 25 nodes. However,
the size of the problem instances to be solved by the LSP on a daily basis exceeds 1000
customers, and an MILP model cannot be solved to optimality for problem instances of
this size. Therefore, to assess the performance of the LNS-SNM for larger instances we
opt for another approach that has the capability of solving larger-sized instances. The idea
of this approach is based on a well-known technique, decomposition, which is frequently
implemented in the operations research literature for large problem instances. We decompose
a given VRPMPDTW-BS instance into smaller instances by means of k-means clustering,

and apply our heuristic for the customer in each cluster.



The main contributions of this study can be summarized as follows:

* VRPMPDTW-BS, which includes multiple working shifts and meal breaks simultane-
ously, is defined for the first time in the literature.

* A mathematical programming formulation is developed for the VRPMPDTW-BS and
optimally solved for instances up to 25 customers.

* A large neighborhood search, LNS-SNM, is proposed which can solve instances with

more than 1000 customers.

The remainder of the thesis is organized as follows. Chapter 2 contains the literature
review in the domain of Vehicle Routing Problem with Backhauls (VRPB). Section 3 defines
the problem with its contraints and parameters and presents the mathematical models involved.
Section 4 includes the proposed three-phase heuristic, LNS-SNM, while Chapter 5 consists of
the computational results for the variants of VRPB and VRPMPDTW-BS. Chapter 6 finishes

the thesis with concluding remarks and future research directions.



2. LITERATURE REVIEW

As in described in Introduction, this thesis focuses on VRPMPDTW-BS which is a rich

variant of VRP with time windows that has not been studied in the literature before.

Pickup and delivery problems can be divided into three categories: delivery-first,
pickup-second, mixed pickup and deliveries and simultaneous pickups and deliveries (Nagy
and Salhi, 2005). In the last class, the requests of customers consist of picking up the package
from a pickup location and delivering the package to a delivery location using the same
vehicle. It imposes precedence constraints between pickups and delivery which is not the
case for the problem studied in this thesis. Therefore, the first two classes will be considered

in this study.

Vehicle routing problem with backhauls (VRPB) is a classical capacitated vehicle rout-
ing problem that incorporates backhaul customers by imposing several restrictions. Vehicles
can serve first linehaul customers then backhaul customers if any backhaul customer is as-
signed. Routes having only linehaul customers is allowed but routes composing of only
backhaul customers are forbidden. The objective of VRPB is to minimize total distance for
a given number of vehicles, K. It needs to construct K many routes neither less nor more.
Many heuristics are proposed to solve VRPB including population based heuristics, local
search heuristics and neural netwok heuristics which can be found in a comprehensive survey
conducted by Ko¢ and Laporte (2018). All of them solve VRPB within 0.5% deviation or

less on average.

Vehicle routing problem with backhauls and time windows (VRPBTW) is to construct
the smallest fleet with the minimum total distance by serving the backhaul customers after
the linehaul customers. It is similar to VRPB but in addition to hard time windows con-
straints for the nodes, VRPBTW permits routes having only backhauls in a route and the first
objective is to minimize the number of vehicles. Gélinas et al. (1995) generate test instances

from Solomon (1987) VRPTW benchmark test data for VRPBTW and they develop an exact



method using set partitioning model. Thangiah et al. (1996) use local search heuristic with
A-interchanges and 2-Opt edge exchanges. Potvin et al. (1996) present a greedy route con-
struction and genetic algorithm for VRPBTW. Reimann and Ulrich (2006) solve VRPBTW
using an ant colony optimization and discussed different backhauling strategies. Ropke and
Pisinger (2006) develop a unified adaptive large neighborhood search for most of backhauling
problems including VRPBTW by means of multiple destroy and repair heuristics. Tarantilis
et al. (2013) design an adaptive path linking method by exploring multiple solutions and their
trajectories using tabu search method with a novel diversity mechanism. Their method out-
performs the existing methods used as benchmark in terms of cumulative number of vehicles

and total distance.

Vehicle routing problem with mixed pickups, deliveries and time windows (VRPM-
PDTW) relaxes the first linehaul, then backhaul constraint on VRPBTW and it allows vehicles
to serve deliveries and pickups in any order. Mixed vehicle routing problem with backhauls
and time windows (MVRPBTW) is also used to refer this problem in the literature. The
objective is still to minimize the number of vehicles first and then to minimize the total
distance. There are few studies on VRPMPDTW. It is first studied by Kontoravdis and Bard
(1995) using a greedy randomized adaptive search procedure (GRASP). Zhong and Cole
(2005) develop a guided local search and solve VRPMPDTW with or without precedence
constraints. Rgpke and Pisinger (2004) propose a unified adaptive large neighborhood search
for eight different types of vehicle routing problems with backhauls. They use six different
destroy and two different repair heuristics and the quality of solutions to VRPMPDTW test
problems are better than Kontoravdis and Bard (1995) and Zhong and Cole (2005) for all test
problems. Tarantilis et al. (2013) also solve the same problem using an adaptive path linking
method explained above. They report new best known solutions to existing VRPMPDTW

test instances and outperform the existing heuristics.

Heterogeneous VRPMPDTW (HVRPMPDTW) is mostly solved by population based
metaheuristics. Berghida and Boukra (2015) solve HVRPMPDTW using an Enhanced
Biogeography-Based Optimization (EBBO) algorithm inspired from migration/emigration

and mutation processes in the nature. The solutions generated using EBBO are better than



the published solutions of Belmecheri et al. (2013) that solve the same problem using particle
swarm and ant colony optimization on the benchmark set generated from Solomon instances
(Solomon, 1987). Wu et al. (2016) also study a population-based metaheuristic applied to
HVRPMPDTW as in Belmecheri et al. (2013) and Berghida and Boukra (2015) but use a
bi-objective optimization approached that aims at minimizing the total number of vehicles
first, then the total distance of routes. Their labelling procedure is adopted from Cheung
and Hang (2003) multi-attribute label matching algorithm and it is followed by a two-phase
approach that minimizes the number of vehicles in the first stage, then the total distance of
routes in the second stage using a modified version of ant colony optimization in each stage.
Cheung and Hang (2003) develop simultaneous and sequential assignment algorithm apply
iteratively in order to reduce the total distance of routes. Wu et al. (2016) achieve better
solutions than Cheung and Hang (2003) on the same benchmark instances in terms of the

total number of vehicles and the total distance of routes.

As mentioned in Coelho et al. (2016), there are relatively few studies in the literature
that address VRPTW with lunch breaks (VRPTWLB) and no study incorporates lunch breaks
within VRPMPDTW. A Waste Collection Vehicle Routing Problem with Time Windows is
considered in Buhrkal et al. (2012), where the goal is to find routes for waste collection trucks
so as to minimize the total distance of the routes. There exist two differences between this
problem and the classical VRPTW. First, the trucks must also visit disposal sites within the
routes whenever they are full to unload the waste they collected. It is possible that a vehicle
visits the same disposal sites more than once. Second, drivers give two types of breaks: rest
breaks and lunch breaks. After 4.5 hours of driving a rest break of 45 minutes must be given
and a lunch break of minimum 30 minutes must be held once during the day. The authors
propose an adaptive large neighborhood search heuristic to solve the problem. Although they
also present an MILP, they do not solve it. Sahoo et al. (2005) focus on a similar waste
collection problem that includes a single node for lunch break. An MILP is proposed for
a simplified version of their problem, but no result is presented with respect to the solution
of this mathematical model. An iterative two-phase algorithm is developed where an initial
solution is generated in the first step which is then improved in the second step by an extended

insertion algorithm as well as a simulated-annealing metaheuristic that makes use of the cross



exchange local search method proposed by Taillard et al. (1997). Another study which uses a
single node representation for meal break is due to Sze (2011). The authors solve a real-life
in-flight food loading operation as a multi trip VRPTWLB in which food items are loaded
to aircrafts within their transit time. The loading personnel should have their meal breaks in
lounge areas designated as a node that has a time window as large as possible to give a break.
A mathematical model is formulated for the problem and a two-stage heuristic is proposed.
The heuristic solutions are better than those of the company, but relatively worse than the

optimal solutions.

The same problem is investigated by Kim et al. (2006) and solved by means of a
clustering-based route building algorithm that is implemented with and without simulated
annealing. Benjamin and Beasley (2010) also study the same waste collection problem as
Kimetal. (2006). They present three different metaheuristics based on variable neighborhood
search, tabu search, and variable neighborhood search with tabu search. These metaheuristics
provide solutions of similar quality, but the average distance of these solutions are smaller
and the number of vehicles is higher than those of Kim et al. (2006). Therefore, to reduce the
number of vehicles they introduce a vehicle reduction procedure which gives rise to the same
number of vehicles. The VRPTWLB is addressed in Coelho et al. (2016), where both a new
mathematical formulation and multi-start randomized local search heuristic are introduced
for it. The developed MILP can only provide optimal solutions for very small instances with
five and 10 customers. An instance with 20 customers can be solved with 52% optimality
gap in one-hour computation time. The reason lies in the fact that the MILP formulation does
not use binary variables to indicate the customer nodes after which a lunch break is given,
rather the number of customer nodes is doubled in order to represent the break nodes, which
significantly increases the number of routing variables. An important result of the thesis
is the demonstration of integrating drivers’ breaks into the model. The authors show that
solving the VRPTWLB without explicitly taking into account the breaks and insert them into
the obtained routes in a post-processing step may generate infeasible solutions. A unified
hybrid genetic search metaheuristic is devised by Vidal et al. (2014) to solve the VRPTWLB
and other rich VRP problems. Lunch breaks can be given in a route at a location that can be

selected from among a set of potential sites or the location of the break can be unrestricted.
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The building blocks of this heuristic that are problem-independent are unified local search,
genetic operators, and diversity management methods, while there also exist a limited number

of problem-specific components.

Within the context of waste collection including multiple depots and intermediate
facilities, a mathematical model is formulated by Markov et al. (2016) in which breaks are
defined on arcs and the number of vehicles is fixed. Exact solutions are obtained by solving
this model up to 15 customers while multiple neighborhood search instances with up to 288

customers and six intermediate facilities.
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3. MATHEMATICAL MODEL

As pointed out earlier, the company has two objectives that are hierarchical in nature.
The objective of minimizing the number of vehicles has priority over the other objective
which is related to the minimization of the total traveling distance. Since the problem is a
rich VRP with many constraints including time windows, meal breaks, and working shifts, it
is not clear how many vehicles would be required to obtain a feasible solution for an instance
of VRPMPDTW-BS. Note that, distance minimization does not guarantee the minimum
number of vehicles, for a given problem instance in general. For example, the total distance
with a larger number of routes might be smaller than the total distance with a smaller number
of routes. Therefore, we first formulate an MILP model in order to determine the minimum
number of vehicles required, which is referred to as MBS1. After having obtained the
minimum number of vehicles from the optimal solution of MBS1, we utilize another MILP
model called MBS2 which has the objective of minimizing the total distance traveled by the
vehicles. In other words, the second model takes as an input parameter the number of vehicles
necessary for the operation. In formulating the two models, we use the following index sets,

parameters, and decision variables.

We let N denote the set of delivery and pickup customer nodes at which a service has to
be performed. All vehicles depart from a depot indexed as node 0, and the set Ny = N U {0}
represents all the customers as well as the depot. The sets D and P represent the delivery

nodes and pickup nodes respectively.

Associated with all customer nodes, there exist earliest and latest service starting times
which are denoted by parameters e; and ¢;, respectively. It is worth noticing that these
parameters designate the time interval during which service can begin at a customer node,
but not the arrival time of the vehicle at the customer node. Whenever a vehicle arrives at a
customer before e;, then the vehicle has to wait until e; for the service to take place. There
may exist waiting times which do not incur any penalty or cost for the company. The service

time at a customer node is s; minutes for every i € N. Among other parameters, we can
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mention parameter #;; that represents the traveling time from node i € Ny to node j € Np. g;
is the delivery or pickup demand for customer node i € N. c¢;; denotes the cost of traveling

from node i € Ny to node j € Np.

The delivery personnel of the company work in two shifts which are indexed as K =
{1, 2}. The first shift starts at 8:15 am and finishes at 3:45 pm, while the working hours of the
second shift last from 2:45 pm to 10:15 pm. The set Ny represents the delivery and pickup
nodes that can be served in shift k. If the horizon of the time window of a node intersects or
overlaps with the operational horizon of shift &, the node is included in Nj. Typek customers
who can be served only in shift £ and TypeO customers who can be served in both shifts
belong to Nj. The starting and finishing times of the shifts are represented by the parameter
h; and h{ , respectively for k = 1, 2. The time unit is set to minutes. This implies that 7] = 0
and h{ = 450 for the first shift and /3 = 390 and h{ = 840 for the second shift. Each shift
has a meal break of 30 minutes. The meal breaks must take place between 12:00 pm and
12:30 pm for the first shift and between 6:30 pm and 7:00 pm for the second shift. We use
the parameters by for the duration of the shift k. As a matter of fact, it is possible to use
a single parameter for both shifts as they are equal. Parameters b] = 225, b{ = 255 and
b; = 615, bg = 645 denote respectively the starting and finishing times of the meal breaks,
for the shifts. There should not be any service during break periods. N is the set of delivery
and pickup nodes that can be served before the meal break in any shift. In other words, these
nodes are candidate nodes that the driver can take the meal break. If the first node visited
by any vehicle has its earliest service start time, e;, after the break start time of the vehicle’s
shift, the driver takes break before the service start. The driver can start service at the node
immediately after the end time of the break and there is no need to assign a meal break for
that vehicle anymore. Operationally, a driver could start its service after the meal break or
could return to the depot before the meal break for the minimizing total distance. In any case,

the driver can have the meal break at the depot and no service is given during the meal break.
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3.1. Modelling VRPMPDTW-BS

This section presents a mixed-integer linear model (MILP) for VRPMPDTW-BS de-
fined in the previous section. It is a rich variant of classical Vehicle Routing Problem with
Time Windows (VRPTW) including many operational constraints. The model aims to find
the minimum number of vehicles with the lowest total distance in the presence of following

limitations:

i. Each node is visited once.

ii. Each node is visited within its time window.

iii. Pickup and delivery nodes can be visited in any order.

iv. Each vehicle performs exactly one route and serves in only one of the shifts.

v. The capacity of any vehicle is not violated at any time.

vi. Delivered items are loaded at the depot and collected items are returned to the depot.
vii. Each vehicle takes exactly one meal break within the meal break time window specified

by its shift.

viii. Each vehicle departs from the depot and returns to the depot within its shift duration.

Sets and parameters used in the model can be summarized as follows:

Index sets and parameters:
D : The set of delivery nodes
# . The set of pickup nodes
N : The set of pickup and delivery nodes, N = D U P
No : The set of delivery nodes, pickup nodes and the depot, No = N U {0}
K . The set of shifts
N, The set of delivery and pickup nodes that can be served before the meal

break for any shift k € K



Parameters:
Cij
Iij
€
t;
Si

qi
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Cost of traveling from node i € Ny to node j € Ny
Traveling time from node i € Ny to node j € Ny
Earliest time service can start at node i € N
Latest time service can start at node i € N
Service time for customer i € N

Demand for customeri € N

Capacity of a vehicle

Duration of the meal break for shift k € K
Starting time of the meal break for shift k € K
Finishing time of the meal break for shift k € K
Starting time of shift k € K

Finishing time of shift k € K
li-ej+s;+tj+bifork € K,i €N, je N
+s;fork e K,i e N

b! for k € K

€i+si+tio—h{f0rk e K,i e Ny

]’l‘;{-ei+l‘,‘0f01‘k€7(,l'€Nk

The final five parameters that start with M introduce big numbers to the model and

defined as tight as possible without disturbing the feasibility of the problem.

The decision variables are defined as follows. Binary variable X;;x = 1 if a vehicle

travels from node i to node j in shift , it is zero otherwise. Note that we are not using an index

for the vehicle since the vehicles are homogeneous. To build an easily-to-read model, X;;«

is defined as zero if visiting the node i immediately after the node j in shift & is not feasible

with respect to time windows constraints. It represents infeasible arcs. If the node i can be

served only in the first shift, all the flow decision variables in other shift(s) are set to zero.

Another case is that the earliest service time of the node j is earlier than the latest service

time of the node i and it is infeasible to visit the node j immediately after the node i in any



15

shift. Another binary variable is used to determine the timing of meal breaks. Namely, ¥; = 1
if a meal break is given by a vehicle immediately after visiting node i, it is zero otherwise.
There exist three continuous decision variables in the model. 7; denotes the starting time of
the service at node i. D; and P; represent respectively the total load of deliveries and total
load of pickups on the vehicle immediately after visiting node i. All the decision variables
with their explanations used in the modelling VRPMPDTW-BS are provided below and they
are followed by model MBS1.

Decision variables:

Xijr . 1if a vehicle travels from node i € N to node j € Ny in shift k € K; 0
otherwise
Y; : 1 if a meal break for a vehicle occurs immediately after visiting node

i € N; 0 otherwise
T; : Starting time of the service at node i € N
Total pickup load on the vehicle after visiting node i € N

D; : Total delivery load on the vehicle after visiting node i € N

Model MBS1:

minV = Z Z Xojk 3.1)

JEN keK
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subject to

> Xip=1 ieN (3.2)
JENy keK

J#I

DD Xu=1 ieN (3.3)
JENY ke

J#

D Xik= D X ieNkeX (3.4)
JENo JENo

J#L J#

D X <1 i€ No.j € No (3.5)
keK

D Xow = ) Xiok keX (3.6)
ieN ieEN

D Y= > Xou (3.7)
ieNp keK ieNy

e, <T; < ¢ ieN (3.8)
Ti+si+t;;+ b Y; <T;+ My (1 — Xijx) ieEN,keK (3.9)
T,.+s,~sb;;+M2,-k(2—n—ZX,-jk) ieN,jeN,keK (3.10)

JENo
T; > blY; - M3 (2 - Y — Xiji) ieN,je N keK (3.11)
T; + i+ 1io < bl + Mai(1 = Xior) ieN,kekK (3.12)
hi"'tOi_MS[k(l_XOik) <T; ieN,keXK (3.13)
D; sDi—qj+Q(1—injk) ieNy,jeD (3.14)
kekK
D;<D;i+Q(1- ) Xijt) ieNojgD (3.15)
keK
Di < Q(1= ) Xiok) ieN (3.16)
keK
P; zPi+qj—Q(1—Zx,~jk) i€Ny,jeP (3.17)
keK
P; ZPi—Q(l—ZXijk) i€eNoy,jgP (3.18)
keK
Py=0 (3.19)

Di+P <0 ieN (320)
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Xijx €{0,1} i €Ny, jeNy,keK (3.21)
Y; €{0,1} i€ Np (3.22)
Y; =0 i ¢ Ny (3.23)
T; 20 ieN (3.24)
0<D;<Q i€ Ny (3.25)
0<P <Q ie Ny (3.26)

In this formulation, Equation (3.1) represents the objective function, which minimizes
the number of vehicles used or equivalently the number of resulting tours. Equation (3.2)
imply that there is one departure from every customer node and it occurs in one of the shifts.
By the same token, Equation (3.3) ensure that there is one arrival to every customer node and
it occurs in one of the shifts. In other words, these two constraints guarantee that a customer
is visited only once over two shifts. Equation (3.4) are balance equations and ensure that if
a customer is visited in shift k, then there must exist an incoming and outgoing arc to that
customer in shift k. Equation (3.5) make sure that an arc (i, j) can either be traversed by a
vehicle in one shift or not at all. Equation (3.6) state that in a shift the number of vehicles
leaving the depot must be equal to the number of vehicles entering the depot. Equation (3.7)
state that the number of meal breaks must be as large as the number of vehicles used excluding
the vehicles whose first service start time is greater than the meal break starting time of the
vehicle’s shift. Equation (3.8) ensure that the starting time of the service at a customer node
is within the time window determined by the earliest and latest times. Equation (3.9) relate
the service start times between two consecutive customer nodes. If customer j is visited after
customer i by a vehicle, then the service start time at node j cannot be earlier than the finish
time at node i given as Tj; +s; +1;; delayed by the meal break, if any. If there is no travel from
node i to node j in shift k, then X;;x = 0 and Equation (3.9) becomes redundant. Equation
(3.10) imply that if a meal break occurs after visiting node i (¥; = 1), then the service at
that node must be finished before the starting time of the break in shift £ if node i is visited
in shift k. To put it differently, customer node i has to be the last node served before the

meal break starts. If there is no break immediately after node 7 or it is not served in shift &,
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Equation (3.10) becomes redundant. Equation (3.11) set a condition for the service start time
at customer node j that is visited right after the meal break. Namely, the starting time of the
service at node j cannot be earlier than the finishing time of the meal break in shift & if this
node is visited immediately following node i after which the break is given. Equations (3.10)
and (3.11) together do not allow more than one meal break on any route. Equation (3.12) act
as maximum tour duration constraints. If customer node i is the last node visited of a tour in
a shift, then Xjor = 1 and the arrival time at the depot should not exceed the finishing time
of the shift. In a similar vein, Equation (3.13) require that the starting time of the service at
the customer immediately visited after the depot be later than the starting time of the shift.
Equation (3.14) reduce the total delivery load on the vehicle by g; after visiting a delivery
customer node j immediately after node i. If node j is not a delivery customer, Equation
(3.15) impose that the total delivery load on the vehicle after visiting node j should be as
large as the total delivery load on the vehicle after visiting the node i which is the predecessor
of node j. These constraints enable us to assign a total delivery load on the vehicle after
visiting node i which is the sum of all delivery demands that need to be served after node i
in the same tour. Equation (3.16) state that if node i is the last customer on a tour, the total
delivery load on the vehicle after visiting node i must be equal to O since the vehicle performs
all deliveries on its tour. In the same manner, Equation (3.17) increase the total pickup load
on the vehicle by g after visiting a pickup customer node j immediately after node i. If node
J visited after node i in a shift is not a pickup customer, then Equation (3.18) impose that
the total pickup load on the vehicle after visiting node j does not decrease since all collected
items are returned to the depot. Setting the total pickup load on a vehicle to zero by Equation
(3.19), the total pickup load on a vehicle increases by g; only if a pickup node is visited. It
is a valid assignment since items are collected from the customers not loaded at the depot.
Equation (3.20) ensure that the sum of total pickup and delivery load on a vehicle should not
exceed the capacity of the vehicle given as Q. Equations (3.21), (3.23) and (3.22) restrict
Xijr and Y; to be binary decision variables, respectively. Finally, Equations (3.24), (3.25),

and (3.26) define 7;, D; and P; as continuous variables.
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The optimal solution of MBS1 provides the minimum number of tours (vehicles)
V' = YieN Zkek ngk to have a feasible solution for a given problem instance without
paying attention to the total distance traveled by the vehicles. Now, we make use of MBS2
which takes the number of routes as input and minimizes the total distance traveled, which

we designate with Z. Hence, the mathematical programming formulation of MBS2 can be

written as
Model MBS2:
mnZ=>" % ci;X (3.27)
ieENy JeNy keK
subject to

Z Z Xoix < V* (3.28)

ieN keK

and Equations (3.2)—(3.26) (3.29)

We remark that Equation (3.28) is not redundant since the minimum total distance
traveled may be obtained with a number of vehicles larger than V* in the absence of this
constraint. Recall that the company policy dictates that the objective of minimizing the

number of vehicles takes precedence over the objective of minimizing the distance.
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4. SOLUTION METHODOLOGY

A Large Neighborhood Search with Smart Node Mobility (LNS-SNM) is proposed
to solve VRPMPDTW-BS. First, an initial solution is generated. Then LNS-SNM is used
for reducing the number of vehicles in the solution. Finally, LNS-SNM is re-used after
hybridizing with simulated annealing for improving the total distance of the solution having

the minimum number of vehicles found in route reduction step.

4.1. Initial Route Generation

Most of the route construction heuristics for VRPTW in the literature use an insertion
criterion derived mainly as an extension of the insertion heuristic developed in Solomon
(1987) inspired by Clarke and Wright savings algorithm Clarke and Wright (1964). This
insertion heuristic computes savings in total distance by regarding a limit for total waiting
time of a route for feasibility while merging routes. According to the survey conducted by
Briysy and Gendreau (2005), the most successful construction heuristic for VRPTW is I1
sequential heuristic developed by Ioannou et al. (2001). The insertion criterion is divided into
three metrics to measure the impact of insertion of /. Those metrics are the impact of insertion
of 7 on itself (own impact), on the customers in the route that i is inserted (internal impact),
and on the non-routed customers (external impact). Total impact is calculated as a weighted
combination of these impacts; and uses six different parameters. It requires parameter tuning
and they could not offer a clear explanation of the relationships between the parameters
and problem types. While I1 produces good solutions for randomly distributed customers
having tight time windows, it causes excessive run times for the real case application having
over 1000 nodes studied in this thesis where we have a larger number of randomly clustered
customers, and wide time windows. Another well-known construction heuristic is the basic
greedy heuristic which inserts the cheapest customer. However, it constructs too many routes
in our case and thus turns out to be inefficient for the route elimination phase of our heuristic.
Therefore, a new insertion heuristic referred to as Cost Ratio Based Insertion Heuristic

(CRBI) is devised to construct an initial solution for VRPMPDTW-BS.
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A main decision to make besides the usual decisions for VRPMPDTW-BS is assign-
ments of customers to the shifts. Two shifts with overlapping times exist and there are some
wide time windows such that most customers can be served in both shifts. To differentiate
customers by their shifts and avoid a type incompatibility, each customer and each vehi-
cle is assigned to a type which indicates their shifts and all moves are forbidden between

incompatible types. Three types can occur in this problem:

* Type O: If the time window of a customer overlaps with both shifts or equivalently both
shifts can serve it. This occurs if e; starts before the first shift ends (¢; < h{ ) and ¢; is
after the second shift starts (¢; > h) for customer .

* Type 1: If the time window of a customer overlaps with the first shift or equivalently
only the first shift can serve it. This occurs if ; is before the second shift starts (£; < h3)
for customer i.

* Type 2: If the time window of a customer overlaps with the second shift or equivalently

only the second shift can serve it. This occurs if ¢; is after the first shift ends (e; > h{ )

for customer i.

A vehicle can only serve in one shift. Its required departure time from the depot, arrival
time at the depot and meal break time are all specified by its shift. A vehicle is associated with
a type determined by the dominating customer type among its customers. Type 1 and Type 2
dominate Type 0. If a vehicle has at least one Type 1 customer among its Type O customers,
its type is designated as Type 1. The same is true for Type 2. After each modification in a
vehicle’s route, its type is updated. A vehicle is Type O only if all its customers are of Type
0. A Type 0 vehicle is feasible in terms of time windows, tour duration, capacity and meal
break if it can serve all the customers according to one of the shifts. It can be also said that
the feasibility of a Type O vehicle is checked according to both shifts’ specifications. If it
is feasible in at least one of the shifts, it is accepted and its type is still 0. Its type is not
updated as the defining shift type in which it is feasible just because all moves are performed
according to type compatibility. A vehicle cannot have customers whose types are 1 and
2 simultaneously. Thus, Type 1 and Type 2 are incompatible in terms of shift. Any move

between Type 1 customer and Type 2 customer, Type 1 vehicle and Type 2 vehicle, Type 1
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vehicle and Type 2 customer, and Type 2 vehicle and Type 1 customer is forbidden due to

type incompatibility.

While the insertion of a route is only possible at the end or beginning of another route
in Clarke and Wright (1964), our construction heuristic CRBI inserts a route into any position
in another route when feasible and compatible. We remark that the sequence of nodes in
route u is preserved while inserting it into route v. To tackle the asymmetry in distances,
reversals of routes are also considered. This means a route can be inserted into any position

in another route after reversing its sequence.

For example when we want to insert Route(u): 1-2 into Route(v): 3-4, candidates
of Route(u,v) after merging are obtained as follows: 1-2-3-4, 3-1-2-4, 3-4-1-2 - 2-1-3-4 -
3-2-1-4, 3-4-2-1, 1-2-4-3, 4-1-2-3, 4-3-1-2, 2-1-4-3, 4-2-1-3, and 4-3-2-1.

In addition to handling asymmetry, this insertion mechanism also helps to connect
customers that are close spatially and temporally. For example, let us say that customers i
and j are currently on different routes but spatially close to each other. Customer i whose
time window is wide is currently at the beginning of its route while earliest start time of
J’s time window is late. In this case j cannot be inserted next to i because of time window
infeasibility. However, reversal of the route that i/ belongs to can be feasible allowing i and j
to be connected successfully. At the beginning of CRBI, many insertions are possible while
after merging routes one by one, possible insertions decrease dramatically since reversals and

most of positions in other routes are not feasible due to time windows.

For each candidate Route(u,v) generated as above, CRBI calculates a measure called
r(u,v), which represents the cost of the route per node visited. For each route pair (u,v),
the best insertion cost r*(u,v) is selected among all r(u,v) values which represent the
insertion costs. An n X n matrix called Ratio Matrix is created and maintained throughout
the construction phase. The uth row and vth column of the Ratio Matrix contains r*(u, v).
After all entries are calculated at the beginning of CRBI, some of them are updated as

necessary during the subsequent iterations. Alternative cost definitions can be designed
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which perform differently with respect to the problem characteristics such as the distribution
of customers’ locations, the length of scheduling period, tightness and distribution of time
windows. Solomon (1987) created six different sets of benchmark instances regarding those
factors. We defined the following three cost ratios and tested them on Solomon’s benchmark

instances as well as ours.

Total distance
ri(u,v) = . . (4.1)
Number of nodes in the candidate Route(u,v)

Total_distance + Total_waiting_time
ra(u,v) = . : 4.2)
Number of nodes in the candidate Route(u,v)

Tour_duration — Service_start_time_at_first_node
r3(u,v) = 4.3)

Number of nodes in the candidate Route(u,v)

r1(u,v) performs best when the instance contains clustered customers while r;(u, v)
is efficient when customer locations are uniformly distributed with some additional clusters.
In our instances where there exist several distant customers besides a mix of uniformly
distributed and clustered locations, r3(u, v) becomes the winner. Therefore, we use r3(u, v)

in CRBIL

After calculating r3(u, v) for each candidate Route(u, v), the best candidate Route™ (u, v)
with the minimum ratio 5 (u, v) is selected and recorded as the entry in the uth row and vth
column of a matrix. Some entries of this matrix may not exist due to the feasibility constraints
in terms of time windows, route duration, and shift compatibility. The next step is to select
the best (u*,v*) pair with the smallest r3(u,v) to perform the insertion operation. CRBI

heuristic is summarized in Figure 4.1.
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1: Input: Distance matrix, customer information including ID and Time Window,
Shift information including shift starting and ending times, and meal break times
2: Initialization: Make n routes: 0 -> i -> 0 for each customer i. The type of each
route is equivalent to the customer type it serves
3: Ratio Matrix Construction: Compute r;(u,v) for each u and v routes pair if
feasible
4: while There exists at least one feasible entry in Ratio Matrix do
4.1 Best Insertion Decision: Find the minimum r}(u,v) and perform the cor-
responding insertion operation. Assign vehicle type to newly created route
with respect to dominant shift.
4.2 Update Ratio Matrix: Delete all entries related to route u* and route
v* from Ratio matrix, which are merged in step 4.1. Add a new row
and column for the merged Route(u*,v*) into Ratio matrix by computing
r(k, Route(u*,v*)) and r(Route(u*,v*), k) for each route k.
5: end while

6: return Final routes

Figure 4.1. Cost Ratio Based Insertion Heuristic Algorithm

4.2. A Large Neighborhood Search with Smart Node Mobility

In this section, LNS-SNM is presented as a route and distance reduction search heuristic
based on large neighborhood search. It consists of a single destroy and repair heuristic despite
the usage of multiple number of heuristics in the literature. A new concept is used for choosing
nodes for the destroy heuristic. Tendency for mobility can be defined as the willingness of a
node to change its location or the potential of a node to be successfully relocated. Initialization
of tendency values of the nodes for a given problem instance can be customized with respect
to the problem type, specifically according to the limitations of nodes to relocate. These
limitations might be the width of their time windows, the sparseness of the network or the

shift type of the nodes in the existence of multiple working shifts. For different types of
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problems, the initialization will be discussed in the computational results.

A solution can be improved by changing the route of a node or changing its position
in the assigned route. By consecutive removals and insertions of a set of nodes, LNS-SNM
learns the tendency values of the removed nodes by checking their insertion places regarding
the route or the position in the route if the route is the same. Regarding their successes to be
inserted in an iteration and their insertion positions, tendency values of nodes are multiplied

by different parameters that varies between 0 and 1. Four different cases can occur:

1. If the route and the position in the route of the node do not change, its tendency value
is multiplied by .
ii. If the route of the node does not change but the position of the node in the route differs,
its tendency value is multiplied by 6.
iii. If the route of the node changes, its fendency value is multiplied by y.

iv. If the node cannot be inserted, its tendency value is multiplied by «.

The largest parameter is y because multiple routes exist for the node. € which stands
for the position change in the same route is slightly less than y to account for less ability
to move. S is sharply less than the y and 6 since neither route nor the position of the node
differs. The smallest parameter is « that is used for the node that stays in Pool over and over
after insertions to prevent it from selection in destroy heuristics frequently. It enables us to
keep the nodes, which are hard to place again, in the solution. By using this justification, it

is decided thaty > 6 > 8 > a.

The first objective of VRPMPDTW-BS is minimizing the number of vehicles. Route
reduction is achieved by destroying a whole route and trying to find feasible insertions for
the nodes in the destroyed route. A list for the unserved nodes, Pool, is kept throughout
LNS-SNM. Destroy heuristic adds more nodes to Pool to make room for all unserved nodes
including the removed nodes by the destroy heuristic. There is predefined number, R, of
nodes to be removed in this fashion. A single repair heuristic which is specified as an input to

the algorithm is used within LNS-SNM to insert the nodes in the Pool during the iterations.
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Whenever the Pool is emptied, a full solution is obtained with a fewer number of vehicles.
Then, the algorithm fills the Pool with the nodes of another route to try decreasing the number
of routes by one. Route destroy and iterative removals and insertions are performed until the

Pool of unserved nodes remain non-empty for a limited number of consecutive iterations.

The outline of LNS-SNM for route reduction is presented in Figure 4.2.
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: Input:a, B, 0, v, Maxlter, R, RepairHeuristic, a feasible solution

Initialize tendency values, last routes and last positions for all nodes. Set Iter =0
Initialize Pool with the nodes in the smallest route having the least number of nodes in the current

solution. Remove the route from the solution.

while lter<Maxlter do
Increase Iter.
Perform Destroy(Pool,R).
Perform Repair Heuristic for the nodes in Pool. Keep a list for the nodes inserted as
InsertedNodes.
for each node in InsertedNodes do
if The node is inserted into the same route and the same position then
Multiply its tendency by .
end if
if The node is inserted into the same route but in a different position then
Multiply its tendency by 6.
end if
if The node is inserted into a different route then
Multiply its tendency by y.
end if
end for
for each Node in Pool do
Multiply its tendency by a.
end for
Update last route and last position of the nodes served in the current partial solution.
if Pool is empty then
Set Iter to 0.
Update best solution.
Initialize Pool with the nodes in the smallest route having the least number of nodes in
the current solution. Remove the route from the solution.
end if
end while
return Best solution.

Figure 4.2. Large Neighborhood Search with Smart Node Mobility Heuristic Algorithm
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4.2.1. Destroy Heuristic

Destroy heuristic is presented in Figure 4.3. It removes R many nodes from a given
solution. If a route has only a node, the heuristic does not remove it to prevent the route
becoming empty. It allows the algorithm to reduce the number of nodes one by one in
the route reduction phase. Also, it guarantees that the total distance of a given solution is
improved without reducing the number of tours. Therefore, CandidateList is initialized with
the nodes which is not the single node in its route and the list is updated after each removal.
Removal is performed one by one based on a roulette wheel selection. The list shrinks after
each removal by one (or two when a node remains as the single node in a route after a
removal), and the Pool grows. Roulette wheel selection probabilities are updated to take into
account the composition of the Pool as well as the mobility tendencies of the candidate nodes

as described in the next section.

1: Create lists as CandidateList.

2: for each node served in the current partial solution do

3: Add it to CandidateList if it is not the single node in its route.

4. end for

5: while the count of the removed nodes <R do

6: Update of the Roulette Wheel Selection Probabilities of the nodes in Can-

didateList. Select a node randomly from CandidateList using roulette wheel

selection.
7: Add the selected node to Pool, and remove it from CandidateList.
8: Remove the selected node from its route and update the route. Update last

position values for the nodes in the route.

9: If there remains a single node in the route of the selected node, remove the
single node from CandidateList.

10: end while

11: return Pool

Figure 4.3. Destroy Heuristic Algorithm
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4.2.2. Update of the Roulette Wheel Selection Probabilities

Roulette wheel selection randomly selects a subset of candidates proportional to their
fitness values. It is a useful tool to incorporate diversification via probabilistic selection and
intensification via fitness value based probability magnitudes to a heuristic search mecha-
nism. If fitness level of a candidate 7 is f;, the probability of chosen i among all nodes in

CandidateList during destroy heuristic is

_
Zjecfj

Di (4.4)

In each iteration of LNS-SNM, the main objective is to remove a subset of nodes
and serve all unserved customers in Pool to reduce the number of routes. Tendency value
measures the willingness of a node to change its route or position. The higher tendency
value is, the higher possibility to be inserted in a place is. On the other hand, Pool contains
unserved nodes before destroyal. To place these nodes, LNS-SNM needs to remove closest
nodes to Pool in terms of distance. If a distant node is removed, the probability of inserting

it to the same place is higher. Using this two metrics, fitness function is defined as:

ZJ'GC dj

A S
fi= st T (4.5)
S

S is the size of the candidate list, T'V; is the tendency value of node i, d; is the average
linkage distance of all pairs between node i and the nodes in Pool. Fitness function is
multiplication of the ratio of the tendency value of i to the average tendency value of all
nodes in CandidateList and the inverse of the ratio of the distance value of 7 to the average

distance value of all nodes in CandidateList.
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4.2.3. Repair Heuristic

Repair heuristic tries to find feasible solutions by inserting the unserved nodes in Pool.
Basic greedy insertion performs the cheapest insertion for all unserved nodes until all of them
are inserted or no feasible insertion remains for the unserved nodes. k-regret insertion (Ropke
and Pisinger, 2006), is somewhat less myopic than basic greedy heuristic since it performs
the best insertion that we will regret more. In other word, the node having the largest sum of
gaps between the first k£ best insertion cost and the best insertion cost. k can vary from 2 to

the number of routes in a solution.

4.3. Distance Reduction

Distance reduction phase aims at improving the solution with a given number of routes.
Small adjustments are made in LNS-SNM outlined in Figure 4.2 for distance improvement.
Pool is only filled with removed nodes in each iteration. If Pool is not emptied LNS-SNM
goes back to the last feasible solution. If Pool is empty, a feasible solution is obtained.
The acceptance of the solution is evaluated using simulated annealing method. Acceptance
probability is limited such that a solution can be at most w% worse than the previous.
LNS-SNM updates tendency values for the removed nodes regarding the success of their
insertions as before. Probabilities of the nodes for roulette wheel selection is based on only
the magnitudes of their tendency values for the first node selection in destroy heuristic since
the closeness is not calculated for an empty Pool in destroy heuristic. After the first removal,
probabilities are updated as described in Update of the Wheel Roulette Selection Probabalities

section which is a combination of tendency values and closeness to Pool metrics.

As well as the deviation parameter w, T for the initial temperature and c for the cooling
rate of the simulating annealing are the parameters of the distance reduction phase in addition
toy, 0, B, a, Maxlter, RepairHeuristic and R used in LNS-SNM. Figure 4.4 summarizes
each step of LNS-SNM-D for distance reduction.
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27:
28:
29:
30:
31:

. Input:e, B, 0, v, Maxlter, R, RepairHeuristic, a feasible solution (x), w, ¢

Set Iter =0
Create an empty list as Pool
Set T = w2l
In 55
while Iter<MaxlIter do
Increase Iter.
SetT =T *c.
Update last routes and last positions for all nodes.
Perform Destroy(Pool,R).
Perform Repair Heuristic for the nodes in Pool. Keep a list for the nodes inserted as
InsertedNodes.
for each Node in Pool and InsertedNodes do
Update the tendency value with appropriate parameter among «, 5, 6, and y.
end for
if Pool is empty then
Name the obtained feasible solution as x’.
if f(x’) < f(x) then
Accept the solution and update best solution. Set x = x’.
elseif f(x) < (1+w) = f(x) then
Generate a random number, rndm, from (0,1] interval.
if rndm < efm}fm then
Accept the solution. Set x = x”.
end if
else
Do not accept the solution.
end if
else
Do not accept the solution.
Empty Pool.
end if
end while
return Best solution.

Figure 4.4. LNS-SNM-D
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5. COMPUTATIONAL RESULTS

This chapter presents the extensive numerical studies conducted to assess the perfor-
mance of the proposed heuristic LNS-SNM. First, set of experiments on different sets of
problems taken from the literature on different variants of Vehicle Routing Problem with
Backhauls (VRPB) verify the quality of our method. Then the computational results for the
problem studied in this thesis, namely VRPMPDTW-BS, are provided. Finally, the method

is used for the real life cases based on data provided by the LSP.

The proposed heuristic LNS-SNM is coded in C# and executed in a computer equipped
with Intel® CoreTM i7 CPU @ 3.07 GHz processor and 8 GB RAM and Windows 10 64-bit
operating system. The MILP models are solved using the callable library of IBM ILOG
CPLEX Optimization Studio V12.10.0.

5.1. Parameter Tuning

As an initial step, we conduct experiments for fine tuning several parameters used by
LNS-SNM. Ropke and Pisinger (2006) claim that destroying of 40% of all nodes gives better
solutions in large neighborhood search methods. By following this inference, the number
of removals, R is taken as 40% of the size of the problem in the reported results. Since
different problem types tested have different side constraints, the initial values for mobility
tendencies of nodes will be initialed differently in each problem type. But a general setting
for tendency update parameters, y, 6, B8, and «, are searched over 0.990 to 1.000 interval
by 0.001 increments on VRPMPDTW-BS test data with 50 nodes generated for this study.
Repair heuristic is given as 2-regret and MaxlIter is used 800 for the route reduction and 2000
for the distance reduction phase during this parameter search. The best combination that gives
the minimum average number of routes and the minimum total distance is found as 1.000,
0.998, 0.993 and 0.990 for vy, 6, B, and «, respectively. After deciding these parameters,
Maxlter is analyzed in increasing pattern from 500 to 2000 with a step size of 100 for route

reduction and five times larger for the distance reduction. By comparing the increase in the
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average quality of solution and the increase in computing time, it is taken as 1000 iterations
for the route reduction phase and 5000 for the distance reduction phase separately. The
number of iterations is way smaller than similar neighborhood searches in the literature due
to high computations during Update of the Roulette Wheel Selection Probabilities. However,
5000 iterations are good enough to reduce the total distance significantly. Finally, parameter
analysis is conducted for repair heuristics, namely basic greedy insertion, 2-regret, 3-regret
and m-regret. 3-regret heuristic gives the best average solution first in the average number of

routes then the total distance.

w and c for the simulating annealing procedure are set to 0.05 and 0.9998 as suggested
by Ropke and Pisinger (2006) for the most of variants of vehicle routing problems with
backhauls. T is calculated for each instance such that the probability of acceptance for a
solution having 0.05 deviation in total distance from the total distance of the initial solution

at the beginning of the distance minimization phase is equal to 0.90.

5.2. Assessment of the Proposed Heuristic on Other Problem Variants

In this section, the proposed heuristic is tested on different variants of Vehicle Routing
Problems with Backhauls to compare the quality of the solutions with the existing approaches

in the literature.

5.2.1. Vehicle Routing Problem with Backhauls (VRPB)

VRPB is a variant of CVRP where backhaul customers are served only after linehaul
customers are visited. This means that a route may consist of only linehaul customers but
a route cannot contain only backhauls customers. VRPB aims at finding the lowest total

distance for a given number of vehicles, K.

CRBI starts with n separate and feasible tours where each customer is served by a
different vehicle, then it merges the routes to reduce the number of routes. To generate initial

feasible solutions to VRPB, CRBI requires modifications since a backhaul customer cannot
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be served by a vehicle alone. To accommodate this additional constraint on route generation,
CRBI generates as many routes as the number of linehaul customers. Then, backhaul
customers are inserted into these routes using 3-regret insertion heuristic. If there exist
unserved backhaul customers, they are kept as unserved customers. The route construction
procedure continues by merging the routes and CRBI returns the solution when the number of
constructed routes is equal to K to prevent constructing less routes which is possible for many
cases. After generating initial routes for all customers except unserved backhaul customers,
LNS-SNM is used by initializing the Pool with unserved backhaul customers. If it succeeds

to empty the Pool, a feasible initial solution is generated.

Table 5.1 summarizes the results on 62 symmetric instances proposed by Goetschalckx
and Jacobs-Blecha (1989). The number of customers varies between 25 and 150 customers.
The first five columns show the name, the number of delivery customers, the number of
pickup customers and the number of vehicles of each instance. The optimal solutions of
all instances are proven by Queiroga et al. (2020) and the optimal distances are given under
Optimal Distance column. The final five columns present the details of solutions generated
by LNS-SNM. NV shows the number of vehicles. Avg. Distance is the average distance
of solutions obtained in 10 replications of LNS-SNM while Best Distance is the minimum
distance achieved in these replications. Avg. Time represents the average computing time
of a single replication. % Dev. of Best Distance as given in Equation 5.1 is the deviation
between the total distance of Best solution from the best known solution total distance. The
row Avg. reports the average of optimal distances, average distances of 10 replications, best
distances, computation times and deviations.

objective — best known objective
Dev = *

100 5.1
best known objective G-D

In all instances of GJB, CRBI constructs as many routes as K. Hence, LNS-SNM for route
reduction is not performed. LNS-SNM for distance reduction is carried out to improve the
initial routes and tendency values for all nodes are initialized as 1 since there is no specific
differences among nodes. The average gaps for successful heuristics in the literature is
less than 0.5% while the best one is 0.02% according to the survey conducted by Kog¢ and
Laporte (2018). For the proposed heuristic, the average gap between the best solution and
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the optimal solution is 0.25% while the average solution of 10 replications is 0.66 % away

from the optimal solution on average. LNS-SNM produces competitive solutions for VRPB

that validate the power of its search strategy as a distance minimization method by producing

similar solutions compared to the methodologies in the literature.

Table 5.1. Results on VRPB test data proposed by Goetschalckx and Jacobs-Blecha (1989)

GIJB Dataset LNS-SNM
s, | nem | o |k Optimal NV Avg. Best Avg. %Dev. of
Distance Distance Distance Time (s) | Best Distance.
Al 25 20 | 5 | 8 | 229,885.65 8 | 229,885.65 | 229,885.65 1 0.00
A2 25 20 | 5 | 5 | 180,119.21 5 180,119.21 | 180,119.21 2 0.00
A3 25 20 | 5 | 4 | 163,40538 | 4 165,214.93 | 163,405.38 3 0.00
A4 25 20 | 5 | 3 | 155,796.41 3 155,796.41 | 155,796.39 3 0.00
B1 30 20 | 10 | 7 | 239,080.16 | 7 | 239,080.16 | 239,080.16 2 0.00
B2 30 20 | 10 | 5 | 198,047.77 | 5 198,047.77 | 198,047.76 3 0.00
B3 30 20 | 10 | 3 | 16937229 | 3 169,372.29 | 169,372.29 5 0.00
Cl 40 20 | 20 | 7 | 250,556.77 | 7 | 250,832.84 | 250,556.77 4 0.00
C2 40 20 | 20 | 5 | 215,020.23 | 5 215,020.23 | 215,020.23 6 0.00
C3 40 20 |20 | 5 | 19934596 | 5 199,345.96 | 199,345.95 8 0.00
C4 40 20 | 20 | 4 | 195366.63 | 4 195,366.63 | 195,366.61 8 0.00
D1 38 30 | 8 | 12 | 322,530.13 | 12 | 322,530.13 | 322,530.13 3 0.00
D2 38 30 | 8 | 11 | 316,708.86 | 11 | 316,755.07 | 316,708.86 3 0.00
D3 38 30 | 8 | 7 |239478.63 | 7 | 239,478.63 | 239,478.59 4 0.00
D4 38 30 | 8 | 5 | 20583194 | 5 205,925.11 | 205,831.94 6 0.00
El 45 30 | 15 | 7 | 238,879.58 | 7 | 238,879.58 | 238,879.58 7 0.00
E2 45 30 | 15 | 4 | 212,263.11 4 | 212,746.22 | 212,263.11 11 0.00
E3 45 30 | 15 | 4 | 206,659.17 | 4 | 207,303.06 | 206,659.17 14 0.00
F1 60 30 | 30 | 6 | 263,173.96 | 6 | 264,922.01 | 263,620.77 14 0.17
F2 60 30 | 30 | 7 | 265,214.16 | 7 | 265,310.06 | 265,214.16 14 0.00
F3 60 30 | 30 | 5 | 241,120.78 | 5 241,249.89 | 241,120.78 21 0.00
F4 60 30 | 30 | 4 | 233,861.85 | 4 | 236,330.57 | 234,303.91 28 0.19
Gl 57 45 | 12 | 10 | 306,305.40 | 10 | 306,756.23 | 306,305.40 9 0.00
G2 57 45 | 12 | 6 | 245,440.99 | 6 | 245,440.99 | 245,440.99 16 0.00
G3 57 45 | 12 | 5 | 22950748 | 5 229,507.48 | 229,507.48 20 0.00
G4 57 45 | 12 | 6 | 232,521.25 6 | 232,92542 | 232,521.25 20 0.00
G5 57 45 | 12 | 5 | 221,73035 | 5 221,794.53 | 221,730.35 25 0.00
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Table 5.1. Results on VRPB test data proposed by Goetschalckx and Jacobs-Blecha (1989) (cont.)

GJB Dataset LNS-SNM
s | nem | n ol K Optimal NV Avg. Best Avg. %Dev. of
Distance Distance Distance Time (s) | Best Distance.
G6 57 45 | 12 | 4 | 213,45745 | 4 | 217,522.04 | 213,457.45 34 0.00
H1 68 45 |23 | 6 | 268,933.06 | 6 | 269,601.56 | 268,958.53 28 0.01
H2 68 45 |23 | 5 | 25336550 | 5 | 253,721.43 | 253,365.50 36 0.00
H3 68 45 | 23 | 4 | 247,449.04 | 4 | 248,622.51 | 247,449.04 45 0.00
H4 68 45 | 23 | 5 | 250,220.77 | S5 | 251,109.12 | 250,220.77 44 0.00
H5 68 45 | 23 | 4 | 246,121.31 4 | 248,892.21 | 246,121.31 51 0.00
H6 68 45 |23 | 5 |249,13532 | 5 | 251,004.67 | 249,279.88 49 0.06
Il 90 45 | 45| 10 | 350,245.28 | 10 | 351,079.60 | 350,435.13 32 0.05
12 90 45 | 45| 7 | 30994384 | 7 | 312,594.03 | 309,943.84 45 0.00
I3 90 45 | 45| 5 | 294,507.38 | 5 | 296,239.83 | 294,868.24 73 0.12
14 90 45 | 45| 6 | 29598845 | 6 | 297,181.75 | 295,988.45 63 0.00
I5 90 45 | 45| 7 | 301,236.01 7 | 303,480.26 | 301,739.39 59 0.17
I 94 75 | 19 | 10 | 335,006.68 | 10 | 336,050.13 | 335,356.50 43 0.10
12 94 75 | 19 | 8 | 310,417.21 8 | 312,117.00 | 310,793.35 58 0.12
J3 94 75 | 19 | 6 | 279,219.21 6 | 282,719.55 | 279,219.21 91 0.00
J4 94 75 | 19 | 7 | 296,533.16 | 7 | 297,431.83 | 296,800.20 71 0.09
K1 113 | 75 | 38 | 10 | 394,071.17 | 10 | 399,659.93 | 397,387.97 71 0.84
K2 | 113 | 75 | 38 | 8 | 362,130.00 | 8 | 366,281.99 | 363,276.47 95 0.32
K3 | 113 | 75 |38 | 9 | 365,694.08 | 9 | 369,921.56 | 368,543.85 95 0.78
K4 | 113 | 75 | 38 | 7 | 348,949.39 | 7 | 351,952.56 | 348,949.39 122 0.00
L1 150 | 75 | 75 | 10 | 417,896.71 | 10 | 428,541.62 | 426,133.78 156 1.97
L2 150 | 75 | 75 | 8 | 401,228.80 | 8 | 403,098.91 | 401,375.69 215 0.04
L3 150 | 75 | 75| 9 | 402,677.72 | 9 | 405,816.99 | 402,677.72 209 0.00
L4 150 | 75 |75 | 7 | 384,636.33 | 7 | 389,736.20 | 385,885.77 274 0.32
L5 150 | 75 | 75 | 8 | 387,564.55 | 8 | 394,252.86 | 390,489.68 266 0.75
M1 | 125 | 100 | 25 | 11 | 398,593.19 | 11 | 406,555.74 | 402,798.54 106 1.06
M2 | 125 | 100 | 25 | 10 | 396,916.97 | 10 | 403,526.77 | 400,312.58 106 0.86
M3 | 125 | 100 | 25 | 9 | 373,01093 | 9 | 378,255.23 | 376,817.98 128 1.02
M4 | 125 | 100 | 25 | 7 | 348,140.16 | 7 | 350,047.81 | 348,719.50 181 0.17
N1 150 | 100 | 50 | 11 | 408,100.62 | 11 | 416,668.67 | 412,559.70 191 1.09
N2 | 150 | 100 | 50 | 10 | 408,065.44 | 10 | 417,299.87 | 411,024.73 191 0.73
N3 | 150 | 100 | 50 | 9 | 394,337.86 | 9 | 402,186.93 | 397,446.35 226 0.79
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Table 5.1. Results on VRPB test data proposed by Goetschalckx and Jacobs-Blecha (1989) (cont.)

GJB Dataset LNS-SNM
Optimal Avg. Best Avg. %Dev. of
Ins. | n+m n m | K NV
Distance Distance Distance Time (s) | Best Distance.
N4 150 | 100 | 50 | 10 | 394,788.36 | 10 | 401,586.41 | 400,198.71 204 1.37
N5 150 | 100 | 50 | 7 | 373,476.30 7 377,578.42 | 375,561.66 299 0.56
N6 150 | 100 | 50 | 8 | 373,758.65 8 380,954.17 | 379,795.12 295 1.62
Avg. 290,532.92 292,890.76 | 291,484.92 72.74 0.25

5.2.2. Vehicle Routing Problem with Backhauls and Time Windows (VRPBTW)

VRBTW requires backhaul customers to be served after linehaul customers if there is
any linehaul customer in their routes. In other words, it allows routes having only backhaul
customers unlike VRPB but still first linehaul then backhaul constraint exists for the routes
serving both linehauls and backhauls. Additionally, the size of the fleet is not fixed and the
first priority in the objective is given to minimizing the number of vehicles over minimizing
the total distance. CRBI can an generate initial feasible solution without any modification as
outlined in Figure 4.1. The tendency values of nodes are set to the difference between the
latest service time and the earliest service time. It is assumed that the longer the time window

duration of a customer is, the more ability to relocate in a different place.

Table 5.2 summarizes the results on Gélinas et al. (1995) test instances. For comparison,
methodologies that outperform other heuristics in terms of the average number of vehicles in
the literature are presented. RU stands for Reimann and Ulrich (2006), RP stands for Ropke
and Pisinger (2006), and TAP stands for Tarantilis et al. (2013). Optimalities of all instances
are proven by Queiroga et al. (2020) and the optimal number of vehicles and distances are
given under Optimal column with NV and Distance columns. For each study mentioned
above, NV for the number of vehicles and Distance for the total distance of the solutions

reported by the authors are given. LNS-SNM heuristic reduces the number of the vehicles in
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the initial solution up to five vehicles and it produces the optimal number of vehicles for all
instances except BHR104A and BHR104B which are more difficult to solve as can be seen in
the solution time required for the optimal solution and the best existing heuristics. Only TAP
reduced BHR104A instance to 10 vehicles. The average deviation between the best distance
found in 10 replications and the optimal distance is -0.94% while the maximum deviation is
2.14%. Table 5.2 shows that LNS-SNM compares favorably with existing heuristics in terms
of the number of vehicles and the total distance while TAP is slightly better than all of the

methods.

5.2.3. Vehicle Routing Problem with Mixed Pickups and Deliveries, and Time Windows
(VRPMPDTW)

Table 5.3 provides the results on the test instances generated by Kontoravdis and Bard
(1995). There are few studies in the literature for vehicle routing problem with mixed
backhauls and time windows. VRPMPDTW allows serving pickup customers and delivery
customers in any order subject to time windows. RP stands for the best solutions obtained
by the method of unified large neighborhood search of Rgpke and Pisinger (2004), ZC for
the best solutions produced by the method of guided local search of Zhong and Cole (2005),
and TAP for the best solutions generated by the method of adaptive relinking path method of
Tarantilis et al. (2013).

Tendency values are initialized in the same manner as used in VRPBTW, as the size
of time windows of nodes. LNS-SNM is successful at minimizing the number of vehicles
for all test instances in Kontoravdis and Bard (1995) data set while maintaining average
percent deviation of 0.13% for MC2, 1.5% for MR2 and 3.03% for MRC2 separately. The
performance of LNS-SNM is relatively worse than RP and TAP solutions in terms of total
distance but still produces solutions within at most 4.67 % deviation from the best known
solution. The average computation time is 367.82 seconds for RP, 437.00 seconds for ZC,

62.91 seconds for TAP and 157.54 for LNS-SNM.
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5.3. Vehicle Routing Problem with Mixed Pickup and Deliveries, Time Windows,
Shifts and Meal Breaks (VRPMPDTW-BS)

Since VRPMPDTW-BS explored in this thesis has not been studied before in the
literature, there is no benchmark instance to assess the quality of the solutions produced
by our heuristic. Therefore, we study on two instance sets. The first set is composed of
smaller instances which are solved using the mathematical models formulated in Chapter 3
for assessing the quality of the solutions obtained by the LNS-SNM. The second set of larger
test instances is provided by the LSP to compare the running times and solution quality with

respect to another method based on cluster-first, route-second approach.

5.3.1. Generation of Data Set

We generate several test instances from Solomon (1987) VRPTW benchmark instances.
These test instances are classified as C1, C2, R1, R2, RC1 and RC2 and each contains 100
customers. In C1 and C2 data sets, locations of customers are generated as clustered Cartesian
points while locations of customers are randomly generated from a uniform distribution in
R1 and R2 sets. In RC1 and RC2, locations of customers are a mix of clustered and randomly
distributed Cartesian points. In R1, C1, and RC1, customers have tight time windows, and
vehicles have shorter scheduling horizons and smaller capacities allowing fewer number of
customers in routes. In contrast, C2, R2 and RC2 data sets contain vehicles having longer
scheduling horizons and larger capacities which result in many customers served in a single

route.

In this study, we use C2 data set for generating our test instances for VRPMPDTW-
BS. The reasons for choosing C2 data set are threefold. First, the distribution of customer
locations provided by the logistics company is clustered. Second, vehicles that are identical

have larger capacities, and third longer scheduling horizons.

Instances in C2 data set, route duration is limited up to 3390 units of time. To convert

these instances to VRPMPDTW-BS instances, shift starting and ending times, and break
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duration, starting and ending times should be specified. They are determined proportional to
the data provided by the logistic company. The company can serve customers between 8:15
am and 22:15 pm, which is 840 minutes. The first shift takes place from 8:15 am to 15:45 pm
while the second shift operates from 14:45 pm to 22:15 pm. The first shift constitutes the first
53.6% of the operation horizon and the second shift makes the last 53.6% of the operation
horizon. Both shifts can serve between 14:45 pm and 15:45 pm which represents 7.2% of the
operation horizon. Regarding this partitioning of the operation horizon, scheduling horizon
of the first shift is set from O to 1817 time units while the scheduling horizon of the second
shift is from 1573 to 3390. Using the same proportionality, the meal break for the first shift
takes places between 909 and 1031 time units. It is between 2482 and 2604. The break
duration is 122 time units. Service duration is set as 28 time units for deliveries and 40 time
units for pickups in these test instances generated for VRPMPDTW-BS, in proportion to 7

minutes and 10 minutes service durations given by our benchmark logistic company.

Vehicles should not perform any type of service during meal breaks. This makes C201,
C202, C203 and C204 sets infeasible, since time windows of some of the customers coincide
with meal break periods. Hence these instances are not used. For the remaining, first 25, 50
and 100 customers are taken to generate different size of instances. Additionally, for 33 %
backhauling, backhaul customers are selected as customers with index three, six, nine and so
on. For 50% backhauling, the same manner is adopted as customers are chosen as backhaul
customers with index two, four, six and so on. 24 different test instances are designed for
three different sizes and two different backhaul percentages for each test data C205, C206,
C207 and C208.

5.3.2. Computational Results on Randomly Generated Test Instances

Table 5.4 summarizes the solutions of the exact method and the proposed heuristic on
the randomly generated test instances. The first six columns under Instances block specify
each instance, respectively the name of Solomon (1987) instance, the size of the instance, the
percentage of the pickups, Type 0, Type 1 and Type 2 customers. MILP Resulst provides the

optimal or best known solution to each instance. As mentioned in Chapter 3, each instance
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is first solved for minimizing the number of vehicles for six hours. Then, the exact model
is used for optimizing the total distance given the best number of vehicles found in the first
phase as an upper bound on the number of vehicles for another six hours. LB on NV is the
lower bound on the number of vehicles obtained by the solver during the first phase. Best
Known NV is the number of vehicles and Best Known Distance is the total distance of the best
solution found in the distance improvement phase. The instances with 25 nodes are solved to
optimality. LNS-SNM block reports the performance of the proposed heuristic on these test
instances. For these problems, tendency values are initialized according to types of nodes
and the width of their time windows. If a node can be only served in a specific shift, Typel
or Type2, the tendency of the node is the width of its time window. If it can be served in both
shifts, TypeO, its tendency value is the twice of its interval size of the time window. It means
that TypeO customers do not have shift incompatibility and have more ability to be relocated
in other routes. Typel and Type2 customers can be replaced only in a smaller subset of

vehicles to prevent shift incompatibility.

The proposed heuristic is successful at minimizing the number of vehicles which has
priority over reducing the total distance for VRPMPDTW-BS. It achieves the lower bound
on the number of vehicles obtained by the exact method for 18 out of 24 instances. For the
cases where LNS-SNM obtains less number of vehicles than MILP solutions, comparison
with respect to total distance could be misleading since smaller number of vehicles does not
guarantee lower total distance as can be seen from the solution of the instance C207 with
50 nodes and 33% pickup customers. On the other hand, when the best solution generated
by LNS-SNM has the same number of vehicles with the best known MILP solution, the
deviation is at most 0.71 %. The average deviation for such cases, 14 out of 24 instances, is
-0.11 %. Therefore, the proposed heuristic is a powerful search method for minimizing both

the number of vehicles and the total distance for VRPMPDTW-BS.

Appendix A and Appendix B show the optimal tours produced by MILP for the instance
C206 with 25 customers and 50% pickups customers. It verifies the proposed mathematical
formulation in terms of serving the customers in a mixed order, meal breaks, shifts and

capacity constraints as well as the time windows limitations.
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5.3.3. Real-life Application

In order to evaluate the quality of the solutions generated by our heuristic, we implement
a method that is inspired by the traditional method employed by the company. The company
used to divide its customers into clusters with respect to predefined geographic regions and
determine a single route for each cluster using a variant of the nearest insertion heuristic.
This was possible as the number of customers in each cluster was small enough to be served
by a vehicle. However, this method cannot be used as a benchmark since it does not consider
meal breaks, shifts and time windows constraints. Therefore, we extend it by incorporating
dynamic clustering into our heuristic. This means that the customers in the original problem
instance are partitioned into a number of clusters by using k-means clustering method first
proposed by MacQueen (1967) based on geographic closeness and our heuristic is applied to

each of those clusters, separately.

The LSP operates in Istanbul. European and Asian sides have their own depots and
they are independent from each other. Therefore, two separate problems are solved in daily
basis. To test the proposed heuristic for large real-life instances, we work on daily problems
for each side in Istanbul provided by LSP. These instances vary from 956 to 1550 customers.
For each instance, the nodes are clustered for a given cluster size k and LNS-SNM is applied
independently to each cluster. The assumption of independence between the clusters enables
us to employ parallel computing to solve VRPMPDTW-BS for each clusters. Therefore, the
computation time to generate a complete solution to each instance is the largest computation
time of the solution times of all clusters. Stopping condition is either to perform three
replications using the maximum number of iterations explained in Section 5.1 or to hit 45
minutes time limit which is operationally allowed by the LSP. The algorithm is allowed to
search for route reduction at most 20 minutes and stop the distance reduction if the total
solution time exceeds 45 minutes time limit. Dividing the time limit enables us to search for
improved solutions in both the number of vehicles and the total distance. For clusters having
larger number of customers than 500, the algorithm might terminate before performing the
predefined number of iterations due to the time limit. Reported computing times are the

required time to perform three replications or the time limit for the maximum sized cluster.
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The final solution is the sum of the solutions of k clusters.

In Table 5.5 we present the results of different number of clusters used in k-means
clustering in order to see its effect on the performance. The first column of the table indicates
the operation day and the side. The second column shows the number of customers to visit in
that instance. For each k value, Max Clust. Size gives the maximum number of nodes among
k clusters. NV and Distance represents respectively the total number of vehicles and the total
distance to serve all nodes in each instance, which are the sums of the number of vehicles
and the total distance values of k clusters. Max Run Time (min) is the solution time of the
maximum sized cluster in minutes. The first observation is that that dividing the customers
into eight or ten clusters result in more routes in all of the test instances. There is no obvious
relationship between the number of clusters and the number of vehicles for the cases having
less than eight clusters. One might think that the less the number of clusters is, the less
the number of vehicles is but due to the time limit, the algorithm stops before searching for
further improvements in the number of vehicles and the total distance as can be seen from
the Max Run Time (min). Smaller number of clusters means that the largest clusters might
grow especially if it is less than six clusters. The computing time exponentially increases
with respect to the size of the instance due to long widths of time windows, the number of
Type 0 customers, the closeness of the customer locations and mixed pickup delivery option.
These factors increase the feasible space for the insertions of unserved customers during the
removal and insertion procedures. Another reason might be that the k-means clustering does
not consider temporal information of customers and it might yield inefficient clustering for

these instances.
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Table 5.6. Comparison of clustering results

Number of
X Avg. Avg. Avg. Diff. in Avg. NV | % Dev. From % Dev. In Run
Number of Clust. Best Solutions
NV Cost Time (min) | from Base Scen. | from Base Scen. | Time (min) from Base Scen.
out of 8 Instances
Base Scenario (No Cluster) | 41.75 | 4593.49 45.01 - - - 1
2 41.50 | 4348.91 45.01 -0.25 -5.32% -0.01% 4
4 42.25 | 4231.53 43.93 0.50 -7.88% -2.41% 2
6 42.13 | 4150.47 27.29 0.38 -9.64% -39.37% 1
8 43.63 | 4153.34 19.48 1.88 -9.58% -56.73% 0
10 45.13 | 4168.24 17.39 3.38 -9.26% -61.36% 0

Table 5.6 summarizes the average number of vehicles, distances and the computation
times of eight instances for each clustered or non-clustered scenario reported in Table 5.5.
For comparison, the scenario without clustering (no cluster) is chosen as a base case scenario
to see the advantages and disadvantages of clustering. For each k, Diff. in Avg. NV from
Base Scen. is the increase in the number of average vehicles and % Dev. in Avg. Distance
from Base Scen. is the percent increase in the average distance with respect to the base
scenario. The seventh column reports the percent increase in the average computation time
for each case. The final column gives the number of instances, out of 8 instances, for which
the corresponding case obtains the best solution The best option in terms of the number of
vehicles is to divide the customers into two clusters which also improves the total distances
with respect to no clustering option. It solves half of the instances better than other cases.
However, partitioning into six clusters increases the average number of clusters by 0.38 but
improves the average total distance by 9.64% while also reducing the computation time by

39.37%.

The LSP currently does not provide time window options to its customers but will
launch it, soon. Therefore, there is no way to compare our methodology with any solution
provided by the LSP. However, they favor the proposed heuristic since it reduces the number
of vehicles below the size of the fleet available in each depot to serve customers as well as

the average distance traveled by a vehicle.
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6. CONCLUSION

In this study we address an extension of the classical Vehicle Routing Problem with
Mixed Pickup, Delivery and Time Windows, which incorporates shifts as well as meal breaks
of the personnel. We develop three methods for the solution of this problem which we
name as the Mixed Pickup and Delivery Vehicle Routing Problem with Time Windows, Meal
Breaks and Shifts (VRPMPDTW-BS) we develop three methods. The first method involves
a mixed-integer linear programming model that can be solved by commercial solvers such as
CPLEX and Gurobi to optimality for the instances up to 25 nodes. Note that there do not
exist published works in the literature which report feasible solutions for Vehicle Routing

Problem with Time Windows including lunch breaks for 25 nodes.

The second method is based on a three-phase heuristic to solve large VRPMPDTW-BS
instances. The first phase of the solution approach consists of a construction heuristic that
generates a feasible solution with respect to all the restrictions imposed. This solution is
improved in terms of the number of vehicles in the second phase. For route minimization,
a large neighborhood search is designed called as Large Neighborhood Search with Smart
Node Mobility (LNS-SNM) that utilizes the information of consecutive removal and insertion
moves to learn the best positions of nodes in the solution. In contrast to the similar studies
in the literature that use multiple destroy and repair heuristics in an adaptive way, LNS-SNM
uses a single destroy and repair heuristic to show the power of node mobility as a guidance
in neighborhood search for route and distance minimization. Tendency values as a measure
to monitor the nodes are used in the destroy phase. For the last phase, distance minimization,
LNS-SNM is hybridized with simulating annealing to improve total distance for a given
number of vehicles. The proposed heuristic is tested on different variants of Vehicle Routing
Problem with Backhauls. The results are comparable to the best existing heuristics in terms
of the fleet size, total distance and the computing time. Additionally, small-sized instances
for VRPMPDTW-BS are created and solved by the exact method optimally for 25 nodes.
The solutions provided by the exact method is a good guidance to assess the quality of the

proposed heuristic even if the optimality is not proven for relatively larger instances with 50
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or 100 nodes. The lower bounds for the number of vehicles for these instances obtained by
the mathematical model are achieved for 18 out of 24 instances. Also, the average percent

deviation is 2.09%.

The third method is to partition the customers into non-overlapping clusters in terms
of the geographical locations by means of the well-known k-means clustering algorithm,
and then applying our methodology to the customer set of each cluster. Obviously, the third
approach is the fastest method, as the number of customers becomes smaller in each cluster.
But this advantage comes at the expense of reduced solution quality. From the observations
on large real-life instances, partitioning into six clusters is more advantageous in terms of
the tradeoff regarding the computing time to the solution quality. Also, more clusters result
in more routes due to ignoring the temporal information of customers in k-means clustering
that can cluster customers with different time window requirements into smaller clusters and

yields more routes for these smaller subsets.

There exist several directions in which this study can be further extended. It could be
interesting to devote some research effort for the investigation of partitioning customers into
clusters taking into account not only spatial but also temporal characteristics of the customers.
Clustering becomes a nontrivial problem in the presence of time windows and especially when
there exist shifts because the distance measure between the customer nodes should consider
their spatial and temporal attributes. In other words, closeness of the customers must be
defined with respect to both geographic position as well as time windows even though most
distance measures are based on geographic information. The problem specified in this study
adds another dimension, which is the shift information, making the clustering even more
difficult. Another challenging extension involves the dynamic re-construction of the routes
under real-time modifications in the specifications of the tasks during the daily operations.
These modifications may include the cancellations of the pickup or delivery requests, new
requests, changes in the addresses or time windows. This kind of real-time problem is another
operational problem of the LSP and it could be challenging to adapt approaches developed
in this thesis to design decision-making algorithms to reduce the daily operational costs to

respond the requests of the customers. Price discrimination topic could be an interesting part
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of this problem since the time window options can be priced with respect to how easy and
cheap to serve the customer request in these options at any point of the time depending on

the availability within the routes.
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APPENDIX A: THE OPTIMAL SOLUTION PRODUCED BY MILP
FOR THE INSTANCE C206 WITH 25 NODES AND 50% PICKUP
CUSTOMERS: TOUR1

Tourl
Shift 1
Shift Start Time 0

Shift End Time 1817

Break Start Time 909

Break End Time 1031

Total Delivery Load on the Vehicle at the departure from the depot 50
Total Pickup Load on the Vehicle at the return to the depot 100
Break Node 1
Node Id Service | Earliest Service | Latest Service Service Type Demand Pickup Load | Delivery Load | Total Load
Start Time Start Time Start Time (Delivery (1) or Pickup (2)) on the Vehicle | on the Vehicle | on the Vehicle

5 15.13 15.00 402.00 1 10 0 40 40
22 62.23 12.00 505.00 2 20 20 30 50
24 278.96 23.00 368.00 2 10 30 30 60
6 331.00 331.00 822.00 2 20 50 30 80
20 387.12 10.00 645.00 2 10 60 30 90
2 519.40 22.00 563.00 2 30 90 30 120
1 568.00 213.00 568.00 1 10 90 30 120
7 1090.27 965.00 1340.00 1 20 90 10 100
3 1122.39 1030.00 1463.00 1 10 90 0 90
4 1154.00 1154.00 1527.00 2 10 100 0 100
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APPENDIX B: THE OPTIMAL SOLUTION PRODUCED BY MILP
FOR THE INSTANCE C206 WITH 25 NODES AND 50% PICKUP

CUSTOMERS: TOUR2

Tour2
Shift 2

Shift Start Time 1573

Shift End Time 3390

Break Start Time 2482

Break End Time 2604

Total Delivery Load on the Vehicle at the departure from the depot 190

Total Pickup Load on the Vehicle at the return to the depot 120

Break Node 12
Node Id Service | Earliest Service | Latest Service Service Type Demand Pickup Load | Delivery Load | Total Load
Start Time Start Time Start Time (Delivery (1) or Pickup (2)) on the Vehicle | on the Vehicle | on the Vehicle

23 1603.53 1519.00 1926.00 1 10 0 180 180
18 1640.59 1560.00 2083.00 2 20 20 180 200
19 2109.17 1689.00 2144.00 1 10 20 170 190
17 2143.00 2143.00 2638.00 1 20 20 150 170
15 2176.39 2077.00 2514.00 1 40 20 110 130
16 2264.00 1763.00 2264.00 2 40 60 110 170
14 2306.00 1846.00 2365.00 2 10 70 110 180
12 2412.00 1985.00 2412.00 2 20 90 110 200
13 2659.00 2310.00 2659.00 1 30 90 80 170
25 2787.00 2380.00 2787.00 1 40 90 40 130
9 282221 2385.00 2976.00 1 10 90 30 120
11 2952.00 2603.00 2952.00 1 10 90 20 110
10 2983.00 2628.00 3113.00 2 10 100 20 120
8 3029.08 2653.00 3280.00 2 20 120 20 140
21 3074.74 2675.00 3288.00 1 20 120 0 120




