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ABSTRACT

HEURISTIC APPROACHES FOR MULTI DEPOT VEHICLE ROUTING
PROBLEMS WITH HETEROGENEOUS VEHICLE FLEET

Kocatiirk, Fatih

Ph.D. Program in Applied Mathematics and Statistics

Advisor: Prof. Dr. Gozde Yazgi TUTUNCU

March, 2022

In this thesis, we investigated the Multi-Depot Heterogeneous Vehicle Routing
Problems (VRP) with Backhauls. Though the problem is a generalisation of three
existing routing problems: Multi-depot VRP, the heterogeneous vehicle fleet problem
and the routing problem with backhauls, this is the first time this combined routing
problem was investigated. A mathematical formulation was first presented followed by
some tightening. A powerful and novel unified hybridisation of Variable Neighbour-
hood Search (VNS) with the Greedy Randomized Adaptive Memory Programming
Search (GRAMPS), VNS-GRAMPS for short, was proposed. As there are no problem
instances available for bench-marking, we generated data sets by combining those from

existing VRPs. The proposed meta-heuristic obtained a number of optimal solutions
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for small instances and yields about 13% gap from the lower bounds compared to
nearly 40% and 20% average gap values for our CPLEX implementation and the VNS
without hybridisation, respectively. Moreover, a Decision Support System (DSS) was
developed that can solve VRPs with single-depot, multi-depot, heterogeneous vehicle
fleet and backhaul features with VNS-GRAMPS meta-heuristic. The developed DSS is
a visual interactive solution tool called as ADVISER?2. The user can save the problems
to be solved and the solutions obtained into the database of DSS, and print the report
of the saved solution. After selecting the problem to be solved, the user can solve
the problem with VNS-GRAMPS and can make interactive changes on the solution.
The developed DSS was tested on the problem instances suggested in the literature
for 5 different problems, and it was able to find solutions in a short CPU time with a
maximum average gap value of 5.87% from the best known solutions, except for the
Multi-depot VRP (MVRP) with backhauls problem. Moreover, new best solutions of
one problem for fleet size and mix VRP and 3 problems for MVRP were found with
VNS-GRAMPS.

Keywords: multi depot vehicle routing problem, heterogeneous vehicle fleet, backhaul,

decision support system, VRP, DSS.
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OZET

COK DEPOLU HETEROJEN ARAC FILOLU ARAC ROTALAMA
PROBLEMLERI iCIN SEZGISEL YAKLASIMLAR

Kocatiirk, Fatih

Uygulamali Matematik ve Istatistik Doktora Programi

Tez Danigmant: Prof. Dr. Gozde Yazgit TUTUNCU

Mart, 2022

Bu tezde, Cok-depolu Geri-toplamali Heterojen ARP (CGHARP) arastirilmistir.
Problem, mevcut ii¢ rotalama probleminin (¢ok-depolu ARP, heterojen arag filolu
problem ve geri-toplamali rotalama problemi) bir genellemesi olmasina ragmen,
bu birlestirilmis rotalama problemi ilk kez arastirilmistir. Once matematiksel bir
model sunulmus, ardindan bazi kisitlar1 daraltilmistir. Degisken Komsuluk Aramasi
(DKA) ile Ac¢ gozlii Rastsal Adaptif Hafiza Programlama Aramasi (ARAHPA),
kisaca DKA-ARAHPA, birlestirilerek giiclii ve 0zgiin bir birlesik meta-sezgisel
Onerilmistir. Kiyaslama ve degerlendirme yapabilmek icin herhangi bir problem 6rnegi
bulunmadigindan, mevcut ara¢ rotalama problem 6rneklerini birlestirerek veri setleri

olusturulmustur. Onerilen meta-sezgisel, kiiciik 6rnekler igin bir dizi optimal ¢oziim



elde edebilmis ve sirasiyla CPLEX ve temel DKA ile elde edilen yaklasik %40 ve
%20 ortalama aralik degerlerine kiyasla alt sinirlardan yaklasik %13 aralik degeri
elde etmistir. Tek depo, ¢cok depo, heterojen arac filosu ve geri toplama 6zelliklerine
sahip ara¢ rotalama problemlerini DKA-ARAHPA meta-sezgiseli ile cozebilen bir
Karar Destek Sistemi (KDS) gelistirilmigtir. Gelistirilen KDS, ADVISER?2 olarak
adlandirilan gorsel etkilesimli bir ¢oziim aracidir. Kullanici, ¢oziilmesi gereken
problemleri ve elde ettigi ¢oziimleri KDS veritabanina kaydedebilmekte ve kaydedilen
¢cOziimiin raporunu yazdirabilmektedir. Kullanici, ¢oziilecek problemi sectikten sonra
DKA-ARAHPA ile problemi ¢cozebilmekte ve ¢coziim {izerinde interaktif degisiklikler
yapabilmektedir. Gelistirilen KDS, 5 farkli problem icin literatiirde 6nerilen problem
ornekleri tizerinde test edilmis ve Geri toplamali Cok-depolu ARP hari¢ en iyi bilinen
coziimlerden maksimum %5,87 ortalama aralik degeri ile kisa bir CPU siiresinde
cOziim bulabilmistir. Ayrica, DKA-ARAHPA ile Sabit Filolu ve Karma ARP i¢in bir

problemin ve ¢ok-depolu ARP icin 3 problemin yeni en iyi ¢oziimleri bulunmustur.

Anahtar Kelimeler: cok depolu ara¢ rotalama problemi, heterojen arac filosu, geri

toplama, karar destek sistemi, ARP, KDS.
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CHAPTER 1: INTRODUCTION

Vehicle Routing Problem (VRP) has a wide range of applications in both public and
private sector having transportation, logistic and supply chain problems. VRP is firstly
introduced by Dantzig and Ramser (1959) and various exact and heuristic solution
approaches were proposed in the last 60 years. The classical VRP consists of a set
of customers with their respective demand, a depot as the supply center and a fleet of
vehicles having the same capacity. The aim of VRP is to find the route combination that
gives the minimum travel distance and meets customers’ demand with the vehicles in
a depot. In real life, VRP and its variants contain additional constraints and challenges
beyond the classical VRP such as multiple depots, heterogeneous fleet and pickup
customers. It is important to define the characteristics of the problems while working
with the extensions of VRP. In real life, identifying the type of the problem is so
important for focusing on the future research and saving time. One can reach detailed
information about the models and solution methods of VRP and its extensions in Toth

and Vigo (2002).

In this chapter, we introduced the VRPs examined in the scope of this thesis and
presented the related literature review for these problems. Several single-depot and
multi-depot VRPs having heterogeneous vehicle fleet and backhaul properties were
studied including Heterogeneous Fixed Fleet VRP (HFFVRP), Fleet Size and Mix
VRP with Backhauls (FSMVRPB), Multi-depot VRP (MVRP), MVRP with Backhauls
(MVRPB), Multi-depot Heterogeneous VRP (MDHFVRP) and the newly proposed
MDHFVRP with Backhauls (MDHFVRPB).

1.1 Overview of Vehicle Routing Problems

In this section, single-depot and multi-depot VRPs examined in this thesis were

introduced in the following sub-sections.



1.1.1 The Heterogeneous Fixed Fleet Vehicle Routing Problem (HFFVRP)

By using a homogeneous vehicle fleet, classical VRP aims to dispatch the loads
taken from a single depot to customers with the least number of vehicles and travel
distance. In this problem, it is assumed that there is an enough amount of load
in the depot to meet the demands of the customers and the number of vehicles is
unlimited. On the other hand, the HFFVRP proposed by Taillard (1999) includes both
a heterogeneous fleet of vehicles with different fixed and variable costs and capacities,
and a certain number of vehicles in each type. Using these constraints, HFFVRP aims
to find the solution that gives the least cost comprising vehicle fixed cost and travel
cost in order to meet customer demands. A route included in a proposed solution for

HFFVRP must meet the following constraints:

» Each route starts and ends at the same depot after distributing the demands of

the customers,

* Each customer’s demand must be distributed with only one vehicle and at a

single visit,

* The total demand of the customers on the route cannot be more than the capacity

of the vehicle,

e The total travel distance or service time cannot exceed the maximum route

distance or duration,

* The number of k-type vehicles used in the solution cannot exceed the total

number of vehicles of that type, ny.

1.1.2 The Fleet Size and Mix Vehicle Routing Problem with Backhauls (FS-
MVRPB)

The problem consisting of pick-up and delivery customers served by a hetero-
geneous vehicle fleet from a depot was defined as FSMVRPB. This problem is a
combination of Fleet Size and Mix VRP (FSMVRP) introduced by Golden et al. (1984)
and VRP with Backhauls (VRPB) defined by Golden et al. (1985). In this problem,

2



there is a heterogeneous fleet of vehicles that varies according to fixed cost, variable
cost or capacity, but it is assumed that there is an unlimited number of each vehicle
type in the fleet. In some VRPB problems, it is assumed that there is a fixed number
of vehicles in the fleet (Toth and Vigo, 1997). A vehicle that starts the route from a
depot to the first delivery customer must return to the same depot at the end of the
route. Due to the backhaul nature of the problem, backhaul customers only have
pick-up loads and are visited only once by one vehicle. In addition, a vehicle that
starts the route from the depot can visit the backhaul customers after visiting all of
the delivery customers, and the vehicle is not allowed to visit a delivery customer
again after visiting a backhaul customer. The total of the demands of the distribution
customers visited by the vehicle along the route and the total of the loads collected from
the backhaul customers should not exceed the capacity of the vehicle. Additionally,
a route with only delivery customers is allowed, while a route with only backhaul

customers is not.

1.1.3 Multi-depot Vehicle Routing Problem (MVRP)

The routing problem, which aims to distribute the demands of the customers with
the least travel cost with a homogeneous vehicle fleet from multiple depots, is defined
as MVREP. In this problem, a capacity constraint is applied to the vehicles and each
vehicle must start the route from a depot and return to the same depot at the end of the
route. It is also assumed that there is an unlimited number of vehicles in the depots

and there is enough supply to meet the demands of the customers.

1.1.4 Multi-depot Vehicle Routing Problem with Backhauls (MVRPB)

MVRPB includes pick-up customers where products are collected as well as
delivery customers. The collected loads of pick-up customers are transported back to
the depot. In this problem, the backhaul method defined by Toth and Vigo (1997) was
applied. According to this method, pick-up customers on a route can be visited after
all delivery customers are visited on the route. In other words, after a vehicle visits the

last delivery customer on the route, it can visit the pick-up customers, if any, otherwise



it has to return to the depot where it was originated. In this problem, vehicle capacity
constraint is applied and it is assumed that there are unlimited number of vehicles in

the depots.

1.1.5 Multi-depot Heterogeneous Vehicle Routing Problem (MDHFVRP)

In most of the transportation problems encountered in real life, it is aimed to
distribute customer demands with the least cost with vehicles of different capacities
and costs moving from more than one depot. In the VRP literature, the problem
in which loads are distributed to customers with a heterogeneous vehicle fleet from
multiple depots is defined as MDHFVRP or multi-depot vehicle fleet mix problem.
It is an NP-Hard combinatorial optimization problem, commonly faced in real life
vehicle routing applications. In MDHFVRP, a capacity constraint is applied to the
vehicles and it is assumed that there are unlimited numbers of each vehicle type in
each depot. At the end of the route, each vehicle must return to the depot where it
started the route. In addition, in some problem instances, the maximum travel distance

constraint is applied to the routes.

1.1.6 Multi-Depot Heterogeneous Vehicle Routing Problem with Backhauls (MD-
HFVRPB)

The problem presented in this section is a commonly faced decision problem
in real-life logistic systems which include for example the case of beer or coke
distribution companies. Here, full bottles need to be delivered to customers, empty
ones to be collected, not necessary an homogeneous vehicle fleet is always used and
also not all customers are necessarily served from one depot only. This problem can
be considered as the integration of three complex but related routing problems which
are commonly studied in the literature. These include the MVRP, the heterogeneous
vehicle fleet problem and the routing problem with backhauls. We refer to this
integrated routing problem as the MDHFVRPB for short.

In real life, VRP and its variants contain additional constraints and challenges

beyond the classical VRP such as multiple depots, heterogeneous fleet and pickup



customers. In recent years, there is an increasingly environmentally-conscious public
awareness resulting in more collection of recyclable goods. Moreover, in the current
severe economic situation, companies are also paying more attention than ever to
financial savings obtained by combining deliveries and pickups. Within reverse
logistics for example, efficient solution methods for the VRP with Deliveries and
Pickups (VRPDP) contributes considerably to reducing waste in terms of time and
energy consumption which systematically leads to a reduction of CO; emission and
consequently health benefits.

There are different types of VRPDP concerning the order of visiting delivery
(linehaul) and pickup (backhaul) customers. In this study, we deal with an extension
of VRPB in which pickup customers in a route are served after delivery customers are
completed only. This is one of the simplest pick up and delivery problem where no
reshuffle is required during the deliveries or collections. This is contrary to the VRP
with Mix Deliveries and Pickups (VRPMDP) where deliveries and pickups may occur
in any order as long as the maximum vehicle capacity constraint remains satisfied
along each arc of the route (Wassan and Nagy, 2014). A real routing case study in
China Post of Guangzhou that incorporates fleet heterogeneity, backhaul mixed-loads,
and time windows was solved by Wu et al. (2016) using a multi-attribute label-based
ant colony system. It was shown that the use of an heterogeneous fleet of vehicles
can lower the service cost up to 9.2% than relying on a homogeneous fleet. Most
recently, a VRP with two-dimensional loading constraints and mixed linehauls and
backhauls were investigated in Pinto et al. (2020). It is interesting to note that in this
case, backhaul customers do not need to be postponed in a route when it is possible
to pick up items earlier and without rearrangements of the items. Three variants
of Variable Neighbourhood Search (VNS) were proposed using 10 neighbourhood
structures including new ones that take into account the selection of customers of
linehauls and backhauls.

In this thesis, the MDHFVRPB which is a new extension of the VRP was defined.
In the classical VRP, there is an homogeneous vehicle fleet (unlimited number of
vehicles) and a set of customers with known demands. The objective of the problem

is to find the vehicle routes starting and finishing at the same depot, resulting in



the minimum cost while satisfying capacity and travel distance constraints if any.
MDHFVRPB is a more complicated version of the classical VRP. This problem is
modelled by combining earlier formulations for the FSMVRPB proposed by Salhi et al.
(2013) and the MDHFVRP also presented by Salhi and Sari (1997). The properties of
the MDHFVRPB are summarized as follows:

e Customers are divided into two groups: delivery (linehaul) and pickup (backhaul)

customers.

e There are more than one depot and there is a heterogeneous vehicle fleet (unlimited
number of vehicles in each type) which has fixed costs varies according to

capacity and variable costs, at each depot.
e Backhaul customers cannot be visited unless all linehaul customers are visited.

e While a route consisting of only backhaul customers is not allowed, a route includes

only linehaul customers is allowed.

e Vehicle capacity constraint is applied. Travel distance and the vehicle number
constraint for each vehicle type can be added, but these constraints were not

used here.

1.2 Literature Review

In this chapter, we reported the literature for the VRPs introduced in the former

section.

1.2.1 Literature Review of MVRP

MVRP is more advanced and challenging variation compared to single depot
VRP, but many real-life problems can be modelled and analysed as MVRP more
conveniently. NP-Hardness of MVRP was proved by Lenstra and Kan (1981) as a
combinatorial optimization problem. Exact solution algorithms including symmetric
and asymmetric cases were developed firstly in Laporte et al. (1984) and Laporte et al.

(1988). In order to solve MVRP, generally two methods are used: Clustering method



in which customers are assigned to depots, and routing method in which the minimum
cost route is found in each cluster. The problem can be solved by using these methods
in two different orders: Route First Cluster Second (RFCS), Cluster First Route Second
(CFRS).

Most of the proposed algorithms for MVRP in the literature were heuristic
algorithms. Tillman (1969) proposed the first heuristic that uses Clarke and Wright
savings algorithm for MVRP. Wren and Holliday (1972) developed a heuristic that
uses sweep algorithm. Gillett and Johnson (1976) grouped the customers around the
nearest depot to form disjoint sets and then applied sweep algorithm for each depot to
construct the routes. Golden et al. (1977) proposed two heuristic methods for MVRP.
Saving algorithm defined by Yellow (1970) was used in the first method and CFRS
approach was utilised in the second method to solve large-sized problem instances.
Raft (1982) and Ball et al. (1983) used RFCS approach. A modular approach that
decomposes the problem into smaller sub problems was also proposed in Raft (1982).
First, customers were assigned to vehicle routes, then the routes were assigned to the
nearest depot. Chao et al. (1993) defined a multi-phase heuristic. This heuristic firstly
assigns customers to the nearest depot, then assigns customers to the routes by using
savings algorithm in each depot and lastly improves the solution by changing the routes
of customers. Potvin and Rousseau (1993) improved the heuristic proposed by Chao
et al. (1993) by adding a few new ideas to assign customers to the depots. Renaud et al.
(1996) developed a new heuristic using Tabu Search (TS) algorithm to solve MVRP
having route and capacity constraints. Cordeau et al. (1997) also used TS algorithm to
solve MVRP. Salhi and Sari (1997) proposed a three-phase heuristic. In the first phase,
a feasible initial solution was constructed, the routes in each depot were improved in
the second phase and the routes in all depots were improved in the last phase. Thangiah
and Salhi (2001) developed genetic clustering heuristic.

The first notable study on the MVRP was by Ho et al. (2008), who proposed two
Hybrid Genetic Algorithms (HGA) with different initial solutions for MVRP. The
initial solutions of HGA were constructed randomly, combining Clarke and Wright
savings algorithm with the nearest neighbour heuristic. Mirabi et al. (2010) proposed

three hybrid heuristics to solve MVRP. These heuristics use deterministic, stochastic



and SA improvement methods, respectively. Liu et al. (2010) developed two-phase
greedy algorithm minimizing the empty vehicle changes to solve applicable large size
MVREP. In the first phase of the proposed algorithm, the initial routes were constructed
by using Genetic Algorithm (GA), the initial solution was improved by using local
search methods in the second phase. Geetha et al. (2012) applied CFRS method
to solve MVRP and used meta-heuristics such as GA, Particle Swarm Optimization
(PSO). In this study, Hybrid PSO meta-heuristic was also proposed. A bi-level Voronoi
diagram-based meta-heuristic was proposed by Tu et al. (2014) to solve very large-
scale real-world MVRPs. In order to improve MVRP solution quality, they extended
the one-level Voronoi diagrams to bi-level Voronoi diagrams, creating an efficient
strategy of reallocating customers among the depots. Montoya-Torres et al. (2015)
reviewed the literature in detail for many kinds of MVRP such as MVRP with time
windows, heterogeneous vehicle fleet, pickups and deliveries, split deliveries and
periodic deliveries.

Aras et al. (2011) defined the collecting cores problem of firms in the durable goods
industry as a MVRP and designed two mixed integer linear programming models
for this problem. They proposed a TS algorithm to solve medium and large-sized
problems. Gulczynski et al. (2011) introduced a new problem called multi-depot
split delivery VRP, combining two different VRPs, and also proposed a heuristic
based on integer programming for this new problem. Yiicenur and Cetin Demirel
(2011) developed a new type of geometric shape-based genetic clustering algorithm
for MVRP. They developed GA based on the proposed clustering technique in order
to be used in the solution process of the problem. Kuo and Wang (2012) proposed
VNS heuristic for MVRP with loading cost. VNS consisted of three phases: in the first
phase, a stochastic method was used to construct the initial solution; in the second,
four operators were randomly chosen to search for neighbour solutions; and finally, a

criterion as in TS was used to choose the neighbour solution.

1.2.2 Literature Review of MDHFVRP

MDHFVRP was first defined by Salhi and Sari (1997), who proposed a multi-

level composite heuristic for solving the problem and designed two reduction tests to
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enhance its efficiency. Then, two mathematical models of MDHFVRP were presented
and the lower and upper bounds of the problems were found by solving the model
by CPLEX in Salhi et al. (2014). They also applied VNS effectively to the problem
and found the new best solutions for 23 problem instances out of 26. Bettinelli et al.
(2011) firstly proposed an exact solution approach for MDHFVRP with time windows.
The proposed method was branch-cut-price method and different pricing and cutting
techniques were applied. Xu et al. (2012) proposed VNS heuristic to solve MDHFVRP
with time windows in their study. Xu and Jiang (2014) proposed VNS heuristic by
improving the method in the previous study. They applied the improved VNS heuristic
given good results to the large water project in China. Adelzadeh et al. (2014) proposed
bi-objective mathematical model for MDHFVRP with fuzzy time windows and the
objectives were minimizing the total cost by reducing the total travelled distance and
increasing the service level. They developed a multi-phase method using SA heuristic
for the defined problem. Benslimane and Benadada (2013) applied MDHFVRP to the
distribution problem in which a large amount of single type products are delivered
to the customers. They applied ant colony systems algorithm to solve that problem.
Mancini (2016) defined and modelled the multi period MDHFVRP and proposed a
math-heuristic approach based on Adaptive Large Neighborhood Search (ALNS) for
that problem.

For a better understanding of methods proposed for MDHFVRP, the reader should
refer to a comprehensive review published by Montoya-Torres et al. (2015), providing
details of many kinds of MVRP such as MVRP with time windows, heterogeneous

vehicle fleet, pick-ups and deliveries, split deliveries, and periodic deliveries.

1.2.3 Literature Review of VRPs with Pickups and Deliveries

In this section, we present an extensive literature review for the three related routing
problems that constitute our new variant. These include the VRP with Deliveries and
Pickups (VRPDP), the VRPB and the MVRPB.

The VRPDP is an extension of the classical VRP. Here, a vehicle picks up a
predefined amount of products from customers besides delivering some other products

and transports these delivered products to the depot. Since VRPDP is an extension of
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VREP, it is an NP-Hard problem (Nagy and Salhi, 2005) as the VRPDP can easily be
reduced to the VRP.

Most of the researchers assumed that vehicles can visit pickup (backhaul) cus-
tomers after visiting all delivery (linehaul) customers (Nagy and Salhi, 2005). They
showed the difficulty of arranging the picked up and delivery goods in the vehicle while
visiting. There are two different cases when this assumption is relaxed: Simultaneous
Pickups and Deliveries (SPD), Mixed Pickups and Deliveries (MPD). In the former,
customers can receive and dispatch goods at the same time (in one visit) whereas in
the latter, customers are either delivery or pickup locations but not both. In the case a
customer happens to be both, this customer is considered as a linehaul and a backhaul
customer and hence visited twice by the vehicle. Note that in the MPD, the vehicle can
visit linehaul and backhaul customers in any order.

The VRPDP can be divided into three categories, namely, (i) SPD, (ii)) MPD and
(iii) Deliver First Pickup Second (DFPS) (Salhi and Nagy, 1999). When the MPD
and DFPS are combined, the problem is called the VRPB. Three different strategies
with respect to backhauling are investigated by Reimann and Ulrich (2006) using Ant
Colony Optimization (ACO) for the VRPB with time windows. It was empirically
found that the most cost reduction (in terms of fleet size and travel time) was obtained
by allowing pickups once the remaining load of the vehicle is less than approximately
25%.

Min (1989) was the first to introduce the SPD where he solved the transportation of
books between libraries (one depot, two vehicles and 22 customers). First, customers
were divided into two classes, then two Travelling Salesman Problems (TSP) were
solved. In order to form a feasible solution from infeasible ones, a penalty was assigned
infeasible arcs and then infeasible TSPs was resolved. Dethloff (2001) introduced an
application of VRPDP with SPD in reverse logistics and proposed an insertion based
heuristic that uses the idea of remaining load in the vehicle. Crispim and Brandao
(2005), Chen and Wu (2006) and Montane and Galvao (2006) developed meta-
heuristics (generally TS) for the VRPDP with SPD. DellAmico et al. (2006) proposed
an exact solution method based on branch and price procedure while Bianchessi and

Righini (2007) applied TS algorithm based on complex and variable neighbourhood
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heuristics. Ganesh and Narendran (2007) proposed a multi-phase constructive heuristic
approach enhanced by a GA, to study for the first time a routing problem where both
DFPS and SPD are considered simultaneously. The closest to this work is Gajpal and
Abad (2009) who proposed an ACO algorithm for VRPDP with SPD with two multi-
route local search methods based on sub-paths operations. The other study is by Avci
and Topaloglu (2016) who studied the heterogeneous VRP with SPD and developed
an adaptive local search integrated with TS.

There are however a few studies that focus on the VRPDP with MPD in the
literature. For instance, Deif and Bodin (1984) adapted Clarke and Wright savings
heuristic to solve VRPDP with MPD and DFPS using a backhaul customer insertion
which is then improved by Golden et al. (1985). In order to postpone the insertion
of a backhaul customer to the route, they calculated the savings between linehaul
and backhaul customers by adding a penalty coefficient. Cosco et al. (1988) solved
the same problem by combining the savings method and a load dependent insertion
method. Remaining load dependent insertion cost was calculated in this method.
Golden et al. (1985), Cosco et al. (1988) and Salhi and Nagy (1999) all combined
the Clarke and Wright savings heuristic with an insertion based heuristic. In these
studies, a Capacitated VRP which includes the linehaul customers only was solved
and then backhaul customers are added to the routes. These studies differ in terms of
the customer insertion method. While Golden et al. (1985) consider the number of
remaining linehaul customers after adding a backhaul customer, Cosco et al. (1988)
take into account the total remaining load to be delivered after adding a backhaul
customer while Salhi and Nagy (1999) applied a similar method, but they introduced
the concept of group insertion (in that work a group is made up of two backhaul
customers). A practical solution approach was proposed in Royo et al. (2016) for
pallet and package delivery companies by considering a mixed delivery system.

Toth and Vigo (1996) applied DFPS method to the VRPDP and developed Cluster
First Route Second (CFRS) heuristic algorithm. Wade and Salhi (2004) designed
an ACO algorithm for the VRPDP based on DFPS and MPD. Toth and Vigo (1997)
proposed a branch and bound algorithm using Lagrangian relaxation method for VRPB

for lower bounds which are then strengthened by the cutting plane approach. Mingozzi
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et al. (1999) found the exact solutions of the benchmark instances up to 100 customers
of the same problem by using branch and bound algorithm. Many heuristic solution
approaches were proposed for the VRPB in the last years. Halse (1992) analyzed
many VRP extensions including the VRPB and the VRPDP where solutions up to 100
customers for VRPDP and up to 150 customers for VRPB were reported.

Goetschalckx and Jacobs-Blecha (1989) developed a two-phase heuristic based on
a space-filling curve approach for the VRPB. Mosheiov (1998) proposed a heuristic
based on a tour destruction approach. Brandao (2006) developed a multi-phase
TS algorithm and Wassan (2007) proposed a reactive TS algorithm which is then
improved by adaptive memory programming. Osman and Wassan (2002) introduced
reactive TS algorithm in which tabu duration is updated during the search. Zachariadis
and Kiranoudis (2012) proposed a local search heuristic that extends the size of the
search space while Cuervo et al. (2014) developed an iterated local search algorithm
consisting of two basic components: In the first component, the algorithm searches
larger search space in each iteration by saving the found solutions in the memory,
in the second component, it visits the feasible and infeasible parts of the solution
space regularly by assigning penalty to infeasible solutions. Furthermore, the new best
solutions of two benchmark problem instances were found in that study. An interesting
visual interactive solution approach that allows the user (decision maker) to take part
in the solution process was designed by Tiitiincii et al. (2009) for the VRPB. This was
extended to a Decision Support System (DSS) to solve the VRPB and its extensions.
Some of the ideas in this approach were adapted accordingly into this thesis.

Taillard (1999) introduced HFFVRP which can be defined as a special case of
the Heterogeneous Vehicle Fleet VRP (HVFVRP) with the addition that the number
of vehicles in each type is fixed instead. In other words, the HFFVRP aims to find
the best routes for the given vehicles, while HVFVRP aims to find the best vehicle
fleet combination. Tiitiincii (2010) adapted her earlier visual interactive method to
solve the HFFVRP and the HFFVRP with Backhauls (HFFVRPB). Here, the user is
allowed to take alternative decisions by using his/her knowledge and experience about
the HFFVRP and modify the decisions accordingly through a visual DSS.

There are few studies about MVRPB in the literature. Salhi and Nagy (1999)
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developed an insertion based heuristic that uses cluster-insertion method for VRPB and
adapted this heuristic to the multi-depot problem. They also analyzed SPD and MPD
versions of VRPDP. Nagy and Salhi (2005) developed an effective compound heuristic
approach for the VRPDP with SPD and MPD versions and applied this heuristic to
the multi-depot problem. The proposed heuristics obtained high quality solutions in
a few seconds for the VRPDP problem instances with 1 to 5 depots and 50 to 249
customers. Li et al. (2015) proposed a meta-heuristic based on an iterated local search
method for the MVRP with Pickups and Deliveries (MVRPPD) with simultaneous
pickup and delivery approach where better results were discovered. An optimization
algorithm that solves the rich VRP problem including pickups and delivery using VNS
and TS algorithms was presented in Sicilia et al. (2016). Irnich (2000) introduced the
multi-depot pickup and delivery problem with a single-hub and heterogeneous vehicles
which is a special case of the MVRPPD. This problem differs from MVRPPD as the
pickup requests are first collected to the hub location, then delivery requests are then
dispatched from the hub by a vehicle, of a given heterogeneous fleet, departed from
one of the request locations. In addition, every request location served as depots of
vehicles and all vehicles starting at a location have to return to the same location at
the end of the planning period. It is also worth noting that in their study their primary
concern is the assignment of requests to vehicles rather than the routing itself as the
trips are short due to narrow time windows and large quantities to deliver as they base
their experiments on a real life case study. That is why they opted for a set covering
type formulation. In brief, their problem does not have the same structure of MVRPPD
in terms of depot definition.

Kog¢ and Laporte (2018) conducted an informative literature review which includes
models such as exact and heuristic algorithms, industrial applications and case studies
of the VRPB and its extensions. Very recently, an easy to read review on the
simultaneous pickup and delivery and its related versions was given by Kog et al.
(2020).

The reader will also find the review paper by Berbeglia et al. (2007) who
extensively surveyed the VRPDP and presented a classification scheme to be useful

and very complementary.
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The only work that is closer to ours is the recent study by Penna et al. (2019). In
their study, they addressed a family of rich VRPs including the use of heterogeneous
fleet with other attributes such as backhauls, multiple depots, among others. Although,
they proposed a unified algorithm that is capable of solving VRPs having some
extensions, they did not introduce a mathematical model of these MDHFVRPB
extensions and also did not provide any data set to test the proposed algorithm on
MDHFVRPB. They used a two phase approach where in phase one a pool of promising
routes are constructed using an Iterated Local Search with a Randomized Variable
Neighbourhood Decent. Phase two uses this set of routes to solve a corresponding
set partitioning problem with a commercial solver. Our study differs from theirs in
producing a formal mathematical formulation and also in the construction of the initial
solution, the use of adaptive learning and the VNS as will be shown in the subsequent
sections.

To the best of our knowledge, there is no study that integrates the MVRPB and
heterogeneous vehicle fleet which we refer to as the MDHFVRPB. We presented the
mathematical models of MDHFVRPB in Section 2.1. Moreover, we can also note
that this is also the first time where VNS and Greedy Randomised Adaptive Memory
Programming Search (GRAMPS) meta-heuristics are hybridised. We called this new
meta-heuristic as hybrid unified VNS based GRAMPS, which we refer to as the VNS-
GRAMPS, and reported the details in Section 2.2.

1.2.4 Literature Review of DSS

A DSS was defined as an interactive software tool in Ferreira et al. (2015) that
collects data from various sources and presents the user with useful information,
displayed on graphical interfaces, that helps solving decision-making problems. DSSs
are used to support complex decision-making processes and problem solving by
utilising computer technologies. The benefits of using a DSS in operations research
or transportation management problem can be summarized as follows: Transport
cost reduction, reduction in fuel consumption and environmental impact, improved
customer service, effective strategic planning, less reliance on individual skills and

tighter control of distribution. The evolution of Computerised Vehicle Routing
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and Scheduling (CVRS) systems was reviewed from the perspective of the users’
experience, investigating the software capabilities along with the perceived barriers to
its future development in Rincon-Garcia et al. (2018). A survey of logistics providers
operating in the U.K. was conducted by taking special attention to the VRP software
and the set of models that support the decision-making processes. Survey results
suggested that companies required improved route optimisation to tackle congestion
based on time dependent data and models, and greater accuracy in the representation
of the road network. It was observed that operational research techniques are available
to solve problems that represent real-world conditions in the literature, but research
into the relative merits of using time-dependent models needs to be undertaken. It was
suggested that data might be improved by cooperation between government and private
sector. Rincon-Garcia et al. (2018) also examined the properties of the algorithms used
in different commercial CVRS software. Solution methods for commercial routing
software should be able to solve large examples as stated in Drexl (2012). It has been
reported that most of the commercial software can solve large-sized problems with
unlimited number of customers and vehicles in less than 15 minutes in Rincon-Garcia
et al. (2018). Most developers in the industry prefer heuristic methods over meta-
heuristic scientific approaches, which can take a long time to solve large-sized problem
instances (Sorensen et al., 2008). In addition, it is useful to use heuristic approaches
to solve different VRP variants with different logistical constraints available in the
industry, as they suggest near-optimal solutions in reasonable CPU time. Although
commercial software can solve large problem instance