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ABSTRACT

Optimization of Road Freight Operations of a Third-party Logistics Carrier
Onur Can Saka
Doctor of Philosophy in Industrial Engineering and Operations Management
August 14, 2020

Planning of daily freight operations is one of the main challenges in transport logistics.
Our study originates from a complex real-life routing problem faced by a third-party
logistics (3PL) firm. Most of the 3PL firms employ a decentralized approach to ease the
planning process and manage the complexity in their operations. This leads to suboptimal
decisions due to the lack of integrated use of their resources as well as missed
consolidation opportunities. The aim of this study is to develop a solution methodology
to optimize the planning of day-to-day road transport operations of the firm in a
centralized manner within an acceptable time frame.

We address three novel problems related to road freight operations in this thesis. We
first examine the less-than-truckload (LTL) planning problem, which involves pickup and
delivery orders with deadlines and cross-docking opportunities. We assume that an
unlimited number of trucks of different capacities can be hired from the spot market on a
short-term basis to fulfill the LTL transportation requests. The objective is to find a
minimum cost assignment of orders to feasible route-vehicle pairs while satisfying
practical constraints. We propose a decomposition-based matheuristic algorithm to tackle
this problem. Our solution approach demonstrates a significant reduction in the freight
costs over the long term.

The 3PL firm also operates a limited number of dedicated trucks which are either
directly owned or hired through a long-term contract. The second problem we address
deals with the assignment of dedicated vehicles to less-than-truckload (LTL) and full
truckload (FTL) routes. The LTL routes obtained in the first part can be re-scheduled in
this phase while the spot-hired vehicles are replaced with dedicated ones to maximize



savings via an Mixed Integer Linear Programming (MILP)-based solution approach.

We finally examine the last-mile delivery operations of the 3PL firm where different
types of products are delivered to customers within a certain geographic region from a
central depot. We model this part as a Rich Vehicle Routing Problem (RVRP) with
heterogeneous vehicle fleet, time windows, selectiveness and several other practical
requirements while allowing multiple trips per vehicle. We propose a parallelized hybrid
evolutionary algorithm for solving the problem.

The contribution of our study is twofold. On one hand, it creates actual value for the
business through reducing freight costs with the proposed solution techniques. On the
other hand, it introduces novel problems and solution algorithms to the optimization

literature which can be extended to a wide range of industry problems in the future.



OZETCE

Uciincii-parti bir Lojistik Tastyicisimin Karayolu Nakliye Operasyonlariin
Optimizasyonu

Onur Can Saka
Endiistri Miihendisligi ve Isletme Yénetimi, Doktora
14 Agustos 2020

zorluklardan biridir. Bu ¢alisma, bir {igiincii-parti lojistik (3PL) firmasinin karmagsik
gercek hayat rotalama probleminden ilham almistir. 3PL sirketlerinin pek ¢ogu planlama
stireclerini kolaylastirmak ve operasyonlarindaki zorluklar1 yonetebilmek i¢in dagitik bir
yaklagim benimsemektedir. Bu durum, kaynaklarin entegre bi¢imde kullanilamamasi ve
kacan konsolidasyon firsatlar1 sebebiyle en iyiden uzak kararlara sebep olabilmektedir.
Bu calismanin amaci, firmanin giinliik karayolu tagima operasyonlar1 planlamasini
merkezi bir bigimde ve kabul edilebilir bir zaman dilimi i¢erisinde eniyileyecek bir ¢6ziim
metodolojisi gelistirilmesidir.

Bu tezde karayolu nakliye operasyonlari ile ilgili i¢ 6zgiin problem ele alinmaktadir.
[k olarak toplama-birakma siparisleri, teslimat terminleri ve ¢apraz sevkiyat olanaklari
iceren bir tam-kamyon-yiikiinden-az planlama problemi incelenmistir. Tam-kamyon-
yiikiinden-az tasima taleplerini karsilamak i¢in spot piyasadan farkli kapasitelerde sinirsiz
sayida kamyonun kisa zamanli olarak kiralanabilecegi varsayilmistir. Amag, pratikte
karsilagilan kisitlara uyumlu sekilde siparisleri uygun rota-ara¢ c¢iftlerine en uygun
maliyetle atayabilmektir. Problemin iistesinden gelebilmek i¢in ayrigtirma bazli bir mat-
sezgisel algoritma onerilmistir. Onerilen ¢dziim yaklasimi, nakliye maliyetlerinde uzun
vadede 6nemli oranda diisiis saglamistir.

3PL firmast ayn1 zamanda dogrudan sahip oldugu ya da uzun donemli bir s6zlesme
ile kiraladig1 tahsisli kamyonlar1 isletmektedir. Ele aldigimiz ikinci problem, tahsisli
araglarin tam-kamyon-yiikii ve tam-kamyon-yiikiinden-az arag¢ rotalarina atanmasini

konu almistir. ik kisimda elde edilen tam-kamyon-yiikiinden-az arag rotalar1 bu fazda

Vi



yeniden ¢izelgelenebilmekte ve bu rotalara atali spot araglar, tahsisli araglar ile
degistirilerek Karmasik Tamsayilr Dogrusal Programlama bazl bir ¢6ziim yaklagimai ile
yapilan tasarruf maksimize edilmektedir.

Son olarak, 3PL firmasinin belirli bir cografi bolgede yer alan miisterilerine merkezi
bir depodan cesitli {irlinleri teslim etmesini baz alan son mil teslimati operasyonlari
incelenmistir. Bu kisim, ¢oklu arag tipli, zaman pencereli, siparis segme opsiyonuna sahip
ve pratikte karsilasilan daha bir¢ok gerekliligi iceren, ara¢ basina birden fazla tur atma
imkani taniyan bir Zengin Ara¢ Rotalama Problemi olarak modellenmistir. Problemi
¢Ozmek i¢in paralellestirilmis bir hibrit evrimsel algoritma dnerilmistir.

Calismamizin katkisi iki yonliidiir. Bir yanda, onerilen ¢6zliim teknikleri ile nakliye
maliyetleri diisiiriilerek isletme i¢in ger¢ek anlamda deger yaratilmigtir. Diger yanda ise
optimizasyon literatiiriine, gelecekte genis bir yelpazede sektér problemlerine

uyarlanabilecek 6zgiin problemler ve ¢oziim algoritmalari sunulmustur.
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Chapter 1: Introduction 1

Chapter 1

INTRODUCTION

Logistics industry constitutes approximately 10-15% of the total global GDP and is an
integral part of the economy. Transportation is the largest component of total logistics
expenditure with a share of more than 60% [1]. Any firm that operates in the real sector
should plan its transportation operations efficiently to sustain competitive advantage.
Many companies outsource their transport activities to third-party logistics (3PL) service
providers. Using 3PL creates a cost advantage through economies of scale and reduction
of capital investments for businesses [2].

This study originates from a complex real-world problem faced by one of the largest
3PL providers in Turkey, where 85% of domestic freight is handled by trucking and road
transport [3]. The focus of our research is the domestic road transport operations of the
company. However, we believe that the problems defined and solution methods proposed
in this thesis would be applicable to many logistics service providers.

After conducting a thorough analysis of the less-than truckload (LTL), full truckload
(FTL) and last-mile delivery operations of the 3PL carrier, we have identified three main
operational level planning problems to be tackled. Although these problems are addressed
separately throughout the thesis, we recognize the interdependent nature of the underlying
processes and design our solution approaches so as to preserve the integrity of the overall
problem.

In this introductory chapter, we first present our objectives and motivation for this
study, which is followed by the demonstration of the contributions of our work. Finally,

we provide an outline for the rest of the thesis.
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1.1 Objectives and Motivation

Thanks to the recent advancements in information technology, most of the logistics firms
have begun to manage their operations through software systems, which has become a
crucial part of the logistics processes [4] all over the world. The management of freight
operations is often carried out by Transportation Management Systems (TMS). While
many TMS applications offer decision support capabilities for planning and optimizing
transportation operations [5], a large number of companies still use spreadsheets and
manual approaches for daily transportation planning. Each logistics company has its own
dynamics and best practices developed over the years for dealing with operational
planning problems. Therefore, integrating off-the-shelf software systems into the existing
operations brings about many challenges and technical difficulties. On the other hand,
planning freight operations manually is also a highly demanding task for logistics firms
that operate within a complex transportation network due to the high number of critical
decisions that need to be made on a daily basis. Most of the 3PL carriers employ a
decentralized approach to ease the planning process to manage the complexity in their
operations. This leads to suboptimal decisions due to lack of integrated use of their
resources as well as missed consolidation opportunities.

Our main motivation for conducting this research is to identify critical problems in
planning of road transport operations and develop efficient, generic and scalable solution
methods to create value for a specific 3PL company while opening a new channel for
future studies to incorporate and extend the problems and techniques presented in this
study to solve other logistics carriers’ planning challenges.

As we aim to generate both commercial and academic value through this research, we
have set certain objectives to be achieved in line with our motivation.

i) Precise problem definition: Due to the high level of complexity in the existing
operations, a comprehensive analysis of the system is required to accurately define
the problems that will be addressed throughout this study by identifying their
inputs, outputs, limitations and performance metrics correctly.

i) Reduction of transportation costs: The solutions produced by the techniques

developed in this study should be better than the existing solutions of the 3PL
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carrier in terms of the overall transportation cost in order to create actual value for
the business.

iii) Suitability for practical use: Any solution algorithm to be developed throughout
the study should be sufficiently fast so that its outcomes can be implemented in
real-life. Existing practical rules and constraints should be incorporated into the
solution methods to ensure their applicability in the field. Major structural changes
that may lead to impractical results should be avoided.

iv) Originality of problems and solution approaches: The problems we are going to
deal with should be structured in a way that they have not been explicitly
addressed in the literature before. Novel solution techniques that stem from state-
of-the-art methodologies in the literature should be designed to establish a solid
academic contribution.

v) Generality and scalability: Solution methods should be generic in a sense that they
can be easily applied to less restrictive problems with similar type of objectives
and constraints. The methods should be easily adaptable to larger problem
instances that may be encountered in the future.

These principles are taken into serious consideration when defining problems or

proposing solution approaches throughout the study. In the next section we highlight the
contribution of this thesis from academic and business perspectives.

1.2 Contributions

In this thesis, we introduce three novel problems that are relevant to logistics service
providers or any other organization that manages its road freight logistics operations in-
house. The first problem is the planning of less-than truckload (LTL) operations, which
applies to LTL carriers that fulfill transportation requests using trucks hired from the spot
market. We model this as a pickup and delivery problem with cross-docking
opportunities. We address two versions of the problem: The first one is a continuous-time
version with synchronization requirements at the cross-dock facilities. The second
version is a discrete-time, multi-period variant of the problem, which better fits the
requirements of the 3PL carrier. While both versions are original in terms of incorporating

a variety of practical rules and constraints, the second version introduces a new problem
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class by addressing the pickup and delivery problem with cross-docking opportunities in
a multi-period setting.

The second problem we aim to tackle is the assignment of dedicated vehicles to less-
than truckload (LTL) and full truckload (FTL) routes. This problem not only extends the
first problem by introducing the possibility of using dedicated vehicles, which are either
owned by the company or hired on a long-term contract, but also it embodies the planning
challenges of FTL carriers with a mixed fleet in terms of the ownership type of the
vehicles.

The last problem we present is the daily planning of last-mile delivery operations,
which is modeled as a rich vehicle routing problem (VRP). This problem fills a gap in the
academic literature by introducing a new class of VRP with many realistic considerations
that can easily be adapted to less restrictive variants of VRP.

Another important contribution of this thesis is that it proposes an overall solution
strategy for planning the daily road freight operations of the 3PL company by solving
instances of the abovementioned problems. Although each of these problems is
manageable on its own and features its own scope, by solving these problems in a
systematic way and allowing exchange of information between solution methods, the
unity of the overall problem can be preserved.

We introduce a different way of modelling for the LTL planning problem compared
to the existing approaches in the literature. Most researchers propose vehicle and
commodity flow formulations or set partitioning models [6] for routing problems. We
extend the set partitioning approach by incorporating the assignment of transportation
orders to previously generated route-vehicle pairs. We also present a novel route
construction algorithm, which produces the set of all admissible routes in accordance with
the rules and limitations specified by the 3PL company.

Solution techniques developed for solving the problems addressed also constitute a
contribution from an academic perspective. We propose a decomposition-based
matheuristic approach for solving the LTL planning problems, which accommodates
unique characteristics in terms of the overall algorithm structure and the use of
mathematical programming solvers, heuristics and column generation techniques in a
specialized manner for solving sub-problems. We devise a novel hybrid evolutionary

algorithm, which combines the Adaptive Large Neighborhood Search (ALNS) method
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with Genetic Algorithm (GA), to tackle the daily last-mile delivery problem. New
algorithmic features are introduced to deal with a variety of practical elements specific to
the problem. Both the matheuristic algorithm for solving the LTL planning problem and
the hybrid evolutionary algorithm for solving the last-mile delivery problem are designed
in a way to allow parallelization to obtain faster solutions through distributed computing
when executed on a suitable hardware.

Computational experiments prove that the proposed solution methods create value for
the business through a significant cost reduction compared to the current planning

strategy, while the computation times are short enough to enable their usage in practice.

1.3 Outline of the Thesis

In this section we describe how the rest of the thesis is organized by briefly introducing
the main topics included in the subsequent chapters.

In chapter 2, we present a literature review in which we highlight and categorize
important research efforts devoted to similar types of problems to those addressed within
this thesis.

Chapter 3 demonstrates the analysis of the current system and an overall solution
design through a holistic view of the existing operations of the 3PL company and the
methodologies that have been developed throughout this study.

In chapters 4, 5 and 6 we address the LTL planning problem, the dedicated vehicle
assignment problem and the last-mile delivery planning problem, respectively. At each
of these chapters we provide a formal definition and a mathematical programming
formulation of the respective problem, describe the corresponding solution methodology
in detail, and present the results of literature the computational experiments.

The final chapter summarizes the presented work, encapsulates our concluding

remarks and concludes with our recommendations for future research opportunities.
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Chapter 2

LITERATURE REVIEW

Operational level route planning and scheduling problems that arise in transportation
logistics are often addressed under the heading of Vehicle Routing Problems (VRP) in the
literature. VRP is one of the most popular combinatorial optimization problems and it has
been extensively studied by researchers for more than sixty years. The first known work
on VRP was proposed by Dantzig and Ramser [7] with the title “The Truck Dispatching
Problem”. Since then, a wide range of VRP variants have emerged and numerous models
and solution techniques have been developed to tackle these problems.

In the first section of this chapter, we present an overview of VRPs by highlighting
the important problem variants in the literature and discussing the modelling efforts and
solution methods. In the second section, we focus specifically on problem variants that
are similar to those addressed within this thesis.

2.1 Overview of the VRP Literature

VRP is the problem of finding minimum cost routes to visit a given set of customer points
using vehicles that depart from and return to a certain depot location. It is a generalization
of the well-known Travelling Salesman Problem (TSP), however it is much more
challenging compared to TSP in terms of computational complexity [8].

Braekers et al. [9] present a taxonomic framework for the VRP literature, which is
built upon the classification proposed by Eksioglu et al. [10]. The authors suggest several
criteria to categorize the academic work on VRP such as the type of study, scenario,
problem information and data characteristics. We will first review the main extensions
of VRP which differ based on their scenario and problem characteristics. Then we will

go over the most common approaches used for solving main variants of the VRP.
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2.1.1 Main Extensions of the VRP

The Capacitated VRP (CVRP), which is also referred to as the Classical VRP [8], is the
basic extension of the problem incorporating the vehicle capacity constraints, which
ensure that the total demand of the customers visited in a single tour does not exceed the
capacity of the vehicle.

One of the most commonly studied variants of VRP is VRP with Time Windows
(VRPTW). In this problem, a time interval is specified for the visit to each customer.
Time window constraints can be defined as hard or soft. Hard time windows cannot be
violated at any cost, whereas soft time window violations are allowed but penalized in
the objective function. Desrosiers et al. [11] and Solomon [12] are among the first authors
to introduce this variant into VRP literature.

Another VRP variant addressed extensively in the literature is Heterogeneous Fleet
VRP (HVRP), which is a generalization of CVRP by enabling the use of vehicles with
varying capacities [13]. HVRP has different versions depending on whether the number
of vehicles of each type is limited or not. An important extension to HVRP is the Fleet
Size and Mix VRP (FSMVRP) [14]. This version of the problem incorporates a fixed
vehicle cost in addition to the variable travel costs and aims to determine the number of
vehicles to be used for each vehicle type as well as the routes of each vehicle.

VRP with Backhauls (VRPB), is a general case of VRP in which backhaul customers
are present in addition to the regular linehaul customers [15]. While items are picked up
from the depot and delivered to the linehaul customers, items are collected from the
customer location and shipped to the depot in case of backhauls.

While most versions of VRP assume that there exists a single depot where all routes
originate from, the Multi-Depot VRP (MDVRP) introduces multiple depots, each having
the ability to serve customers [16]. The resulting problem is not only finding the sequence
of customers that will be visited by each vehicle, but also deciding which depot will serve
each customer.

VRP with Pickup and Deliveries (VRPPD), which is also referred to as the Pickup
and Delivery Problem (PDP) is another important extension of the VRP. In the classical
VRP, each customer is served from a central depot. However PDP involves transportation
requests from a pickup location to a delivery location, and the pickup locations may be
different for each request [17]. A special case of PDP is the Dial-a-Ride Problem (DARP)
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where the commaodities represent people. Cordeau and Laporte [18] present an overview
of the models and algorithms proposed for the DARP.

The Multi-period VRP (MPVRP) aims to generate optimal vehicle routes to visit
customers over a planning horizon of several periods. The Periodic VRP (PVRP) is a
generalization of MPVRP such that each customer may require more than one visit over
the planning period. PVRP involves decisions regarding the selection of days to serve a
certain customer and the routing of vehicles for each day within the planning horizon
[19].

The regular VRP assumes that the vehicles perform a single trip during the planning
period. The Multi-trip VRP (MTVRP) [20], also called as VRP with Multiple Use of
Vehicles [21] allows the usage of vehicles multiple times a day. This extension increases
the utilization of available operating time for each vehicle especially in a problem setting
where short tours are possible.

Since the beginning of the 21% century, researchers have incorporated environmental
concerns into VRP variants in line with the increasing environmental awareness of the
society. Several VRP extensions have been proposed with the aim of reducing fuel
consumption and CO2 emissions along with the routing decisions. Some important
extensions are the Green Vehicle Routing Problem (GVRP) [22], [23], the Pollution-
Routing Problem (PRP) [24], [25] and the Electric Vehicle Routing Problem (EVRP)
[26], [27].

Numerous other practical problem characteristics have been added to VRPs in the last
decades, resulting in a diverse range of problem variants. The most noteworthy ones are
the Time-Dependent VRP (TDVRP) [28], VRP with Stochastic Demands (VRPSD) [29],
the Split-Delivery VRP (SDVRP) [30] and the Dynamic VRP (DVRP) [31].

While all the presented VRP extensions have been suggested for increasing the
practical coverage, most of the real-life problems require multiple characteristics applied
at the same time. In the VRP literature, the problems dealing with multiple realistic
conditions are classified as Rich VRPs (RVRP). RVRP is formally defined as a
generalization or union of other independent VRPs [32]. Majority of the recent studies on
VRP fall into the rich category. Likewise, the problems addressed in this thesis display

rich characteristics.
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2.1.2  Modelling and Solution Approaches for the VRP

VRPs are often represented by Integer Linear Programming (ILP) or Mixed-Integer
Programming (MILP) formulations in the literature. Magnanti [33] suggests that three

main types of ILP formulations are available in the VRP literature:
e Vehicle flow models
e Commodity flow models
e Set partitioning models

Vehicle flow formulations are the most commonly used type of models for VRPs. In
general, two-index or three-index vehicle flow variables are used in this type of models.
In two-index formulations, binary flow variable x;; represents whether a vehicle travels
from node i to node j and in three-index formulations, a new dimension k is used for
differentiating vehicles or vehicle types. The following simple two-index model of Toth

and Vigo [34] is a basic illustration of vehicle flow models:

Minimize Z Z Cijxij (21)

iEN JEN
subject to
> =1 vj € N\ {0} (22)
iEN
inj —1 Vi e N\ {0} (2.3)
JEN
wa K (2.4)
iEN
Z xo; = K (2.5)
jen
szu >7r(S) VSCSN\{0},S#0 (2.6)
IS jES
x;; € {0,1} Vi,j €N (2.7)

x;; takes the value of one if arc (i, /) is used in the solution, and zero, otherwise. c;;

is the cost associated with traveling from node i to node j. N is the set of all vertices and



Chapter 2: Literature Review 10

K denotes the number of vehicles. Constraints (2.2) and (2.3) ensure that each node has
exactly one entering and leaving arc. Constraints (2.4) and (2.5) impose the degree
requirements for the depot vertex. Given that (S) is the minimum number of vehicles to
serve a given customer set S, the capacity-cut constraints (2.6) satisfy both the
connectivity of the solution and the vehicle capacity requirements.

Kulkarni and Bhave [35] and Laporte et al. [36] present alternative two-index models
for the VRP. Basic three-index models incorporating heterogeneous vehicle fleet are
proposed by Golden et al. [37] and Fisher and Jaikumar [38].

Commodity flow models extend the vehicle flow models by the addition of decision
variables associated with the amount of load carried on each arc. Gavish and Graves [39]
present an early example of commodity flow formulations for the VRP. A more recent
example of commodity flow models for the VRP can be found in [40].

Balinski and Quandt [41] introduced the idea of using set partitioning models to solve
VRPs. Set partitioning models require that the set of feasible routes (J) is generated
beforehand. In such models, each feasible route is denoted by a binary decision variable,
y; Where the cost of route j is ¢;. Binary parameter a;; takes the value of one if node i €

N \ {0} belongs to route j, and zero, otherwise. The resulting ILP formulation is as

follows:
Minimize chyj (2.8)
jej
subject to
z a;jy; =1 Vi € N\{0} (2.9)
jej
yj € {0,1} Vj€E] (2.10)

The objective of the model (2.8) is to minimize to total cost of routes used while
constraint (2.9) ensures that each node is visited by exactly one route. Laporte [42] states
that it is very difficult to generate the complete set of feasible routes since the potential
number of feasible routes grow quickly as the problem size gets larger. Even if the set of
all feasible routes is available, it would be computationally very difficult to solve them

due to the high number of binary variables. In order to overcome these issues, many
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authors have employed a column generation approach to start with a small set of feasible
routes, and add variables associated with promising routes iteratively.

Both exact and heuristic solution techniques have been developed over the years to
tackle different versions of VRP. Due to the computational complexity of the problem,
exact solution approaches have not been able to solve practical instances with over 100
customer nodes optimally, but these techniques have been useful in solving small
instances, computing lower bounds and finding good upper bounds through hybrid
approaches in combination with heuristics. Toth and Vigo [43] and Laporte [8] present
several exact approaches proposed for solving the VRP.

Early examples of exact approaches are direct tree search methods, in which routes
are generated sequentially via branch and bound trees [44]. Laporte et al. [45] propose an
assignment based lower bound and a related branch and bound algorithm for asymmetric
capacitated VRPs whereas Christofides et al. [46] present tree search algorithms
incorporating lower bounds computed from shortest spanning k-degree centre trees and
g-routes. Hadjiconstantinou et al. [47] improve the solutions using these lower bounds.

Dynamic Programming (DP) was also an exact solution approach used in the early
days of VRP research. Eilon et al. [48] were the first authors to use DP for solving VRPs.
Their method suffers from the curse of dimensionality due to the growth of the state space.
Christofides et al. [49] provide a state-space relaxation procedure for reducing the number
of states. DP-based approaches are usually preferred in case of dynamic and stochastic
demands and related examples can be found in [50], [51] and [52].

Many researchers have used column generation-based techniques to solve different
variants of VRP. A column generation algorithm aims to solve the linear relaxation of the
set partitioning formulation of the problem, and it can be embedded within a branch-and-
bound scheme to obtain an exact solution through the branch-and-price technique.
Example applications of branch-and-price technique to solve VRPs can be found in [53],
[54], [55] and [56].

Another exact approach used for addressing VRPs is branch-and-cut, which tries to
strengthen the linear relaxations of the problems associated with the nodes of the branch-
and-bound tree through adding valid linear inequalities. Naddef and Rinaldi [57] and
Lysgaard et al. [58] propose branch-and-cut algorithms for solving CVRP while Bard et
al. [59] solve VRPTW using this technique.
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Branch-and-price and branch-and-cut techniques can also be combined to form the
method known as branch-and-price-and-cut. Notable applications of branch-and-price-
and-cut to certain extensions of the VRP can be found in [60], [61], [62], [63] and [64].

Heuristics are more commonly used for addressing VRPs thanks to their ability to
find high quality solutions to large problem instances much faster compared to the exact

methods. Laporte et al. [65] categorize the heuristic algorithms for the VRP as follows:
e Constructive heuristics
e Classical improvement heuristics
e Metaheuristics
e Hybridizations
e Unified algorithms

Constructive heuristics are the first heuristic efforts to find good feasible solutions to
the practical-size VRPs. The earliest instance of constructive heuristics is the savings
algorithm developed by Clarke and Wright [13]. The algorithm is initialized with the
assumption that each customer is served by a separate vehicle. The routes are iteratively
merged to obtain longer routes throughout the algorithm, selecting the combination of
routes with the highest potential cost saving at each step. The savings heuristic has been
improved and adapted to other variants of VRP later on as shown in [37], [12], [66] and
[67].

Petal algorithms, also known as set partitioning heuristics, are constructive methods
that aim to generate feasible routes and combining them by solving a set partitioning
problem. An early example of this method can be observed in the sweep-based algorithm
[68]. Foster and Ryan [69] and Renaud et al. [70] also employ this approach in their work.

Other well-known constructive techniques for VRP are the cluster-first, route-second
method [38] and its reversed version, route-first, cluster-second method [71], which is
also called as the giant tour heuristic. Both approaches are two-phase methods that aim to
find feasible solutions to VRP in a constructive manner.

In modern solution methodologies, constructive methods are usually employed for

generating quick initial solutions for further improvement. Classical improvement
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heuristics generate simple neighborhood structures by performing modifications on the
existing solutions [72]. Intra-route and inter-route movements are the most commonly
used operators that are applied to improve a given VRP solution. Classical improvement
techniques are also employed within more advanced techniques for solving different
variants of the VRP.

Metaheuristics are the most popular solution approaches designed to tackle the VRP
and its extensions. A metaheuristic is an improvement algorithm which coordinates sub-
heuristics with different capabilities to utilize higher quality search opportunities [72].
Laporte et al. [65] suggest that metaheuristics can be classified into two main categories:
Local search algorithms and population-based algorithms. Local search methods employ
certain neighborhood search operators to jump from one solution to another with the aim
of improving the solution iteratively until a given stopping criterion is met. Simulated
Annealing (SA), Tabu Search (TS), Iterated Local Search (ILS) and Variable
Neighborhood Search (VNS) are among the local search methods often used to address
VRPs.

Simulated annealing (SA) approach has a temperature parameter, which designates
the probability of accepting or rejecting a new non-improving solution. At the beginning
of the algorithm, the temperature of the system is high and so is the probability of
accepting worsening solutions. As the algorithm proceeds the system cools down at a
given rate, the system temperature decreases and accepting non-improving solutions
become less likely; therefore, the solution converges to a local minimum. Readers may
refer to Osman [73] for a well-known application of SA to the VRP.

Tabu search (TS) has been one of the most popular metaheuristic methods among
VRP researchers. The main idea of Tis to keep solutions sharing similar characteristics
with the active solution in a tabu list for a certain number of iterations and keep the
algorithm from moving to solutions in the tabu list in order to avoid cycling. TS practices
that have made a major impact in VVRP literature can be found in [74], [75], [76], [77] and
[78].

Iterated local search (ILS) employs an embedded local search procedure (e.g. TS)
which returns a local minimum solution given a starting solution. At the end of each outer
iteration, the solution found by the local search method is perturbed (or shaken) and the

obtained new solution becomes the starting solution for the next iteration. This procedure
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continues until a specified stopping criterion is met. An application of ILS to CVRP can
be found in [79].

Variable Neighborhood Search (VNS) algorithm contains several neighborhood
structures which are applied sequentially to a given initial solution. The final solution
found at the end of this procedure becomes the initial solution for the next iteration. The
algorithm runs until any of the predetermined stopping conditions are satisfied. Kyt6joki
et al. [80] successfully applied this method to large-scale instances of VRP and report
good feasible solutions obtained in reasonable computation times.

While local search methods usually work with small neighborhoods, some authors
have developed methods which exploit large neighborhood structures. This type of
approach is referred to as Large Neighborhood Search (LNS). LNS was first introduced
by Shaw [81]. Pisinger and Ropke applied this technique to VRPs [82]. LNS constructs
a large neighborhood through destroy and repair operators. Destroy operator removes
certain customers from their positions and repair operator re-inserts them into the
solution. Different types of destroy and repair operators can be used to diversify the
search. The most important extension to LNS is the incorporation of adaptiveness,
establishing the well-known metaheuristic technique called the Adaptive LNS (ALNS).
Ropke and Pisinger [83] proposed the ALNS method and implemented it to PDP with
Time Windows (PDPTW). In the ALNS, each destroy or repair operator has a certain
selection probability at each iteration. The probability associated with each operator is
periodically updated at certain steps of the algorithm based on their past success.

Population-based algorithms are nature inspired methods which make use of
diversification mechanisms to escape from local optimum solutions. These techniques
often include embedded local search procedures for exploiting the promising solutions.
Genetic Algorithms (GA) are one of the population-based methods that have been
extensively used in VRP literature to produce high quality solutions. In an arbitrary GA
application, solutions are modeled as chromosomes and the set of chromosomes form a
population. Chromosomes evolve over generations through genetic operators such as
crossovers and mutated by randomized techniques or local search procedures. At each
generation, improving offspring generated from parent solutions replace the worst
elements of the population which increases the overall fitness of the population as the
algorithm proceeds. Baker and Ayechew [84], Berger and Barkaoui [85], Prins [86],
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Mester and Braysy [87] and Nagata [88] present an important stream of work on
application of GA to VRPs. Ant Colony Optimization (ACO) (see Reimann et al. [89])
and Particle Swarm Optimization (PSO) (see Ai and Kachitvichyanukul [90]) are other
important population-based heuristic methods applied to VRPs.

Hybrid methods that combine different algorithmic approaches have gained
popularity in the recent years. Common types of hybridizations are the ones integrating
population-based methods with local search or metaheuristics, metaheuristics with other
types of metaheuristics and heuristics with mathematical programming solvers.
Hybridization of GA with other heuristics are named as Memetic Algorithms (MA) [91]
or Hybrid Evolutionary Algorithms (HEA) [92]. A heuristic algorithm that utilizes
mathematical programming models for solving certain sub-problems is called a
matheuristic. Archetti and Speranza [93] present a classification of matheuristic
approaches for routing problems.

Unified algorithms are flexible methods that can solve multiple variants of the VRP
effectively [65]. These algorithms are especially useful for people or organizations who
wish to develop generic VRP algorithms that can function properly for different types of
operations.

Another recent advancement in heuristic methods for VRPs is hyper-heuristics.
Hyper-heuristics operate in two ways: They either select a proper combination of sub-
heuristics to be applied to a given problem instance, or they generate a new heuristic using
the existing sub-heuristics through learning mechanisms [94].

In the next sub-section, we focus on the problems in the literature that share similar

characteristics with the problems that are addressed in this study.

2.2 Review of the Relevant Literature

The problems we introduce in this thesis can be classified as rich problems since they
combine characteristics of several distinct problem variants addressed in the literature.
This sub-section provides a more detailed review of the literature related to the problems
that we discuss in the rest of this thesis. We review prominent studies that are relevant to

the overall system that we analyze, as well as the individual problems that we solve.
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2.2.1  Network Design Problems

Transportation planning for LTL networks is performed in strategic, tactical and
operational levels. Strategic level plans are mainly related to structural changes such as
opening or closing facilities. Tactical level planning problems are extensively represented
by network design models. The term service network design is used by Crainic [95] for
tactical level decisions such as service selection, traffic distribution, terminal policies and
empty balancing strategies.

Some notable efforts for modeling and solving network design problems for freight
transportation are given as follows: Hewitt et al. [96] propose a hybrid technique which
combines mathematical programming algorithms with heuristic methods to solve the
capacitated fixed-charge network flow problem. Crainic et al. [97] present a simplex-
based tabu search method to solve large instances of capacitated network design problem
with many commodities. Ghamlouche et al. [98] suggest a neighborhood search
mechanism using a shortest-pathlike network optimization procedure to identify
promising moves for this problem. Crainic et al. [99] use Lagrangean perturbation scheme
within a scope scaling heuristic to provide better solutions on larger and more difficult
instances. Hewitt et al. [100] employ column generation approach to generate problem
restrictions and produce high-quality solutions quickly with an exact algorithm. Barcos
et al. [101] propose a metaheuristic algorithm based on ant colony optimization
techniques for LTL routing design. Jarrah et al. [102] use decomposition technique to
fragment the main network model into separate integer programming models for each
destination terminal and solve these models efficiently in coordination with the master
problem.

Load planning, a fundamental concept in service network design in an LTL
environment, determines how the loads are consolidated along paths. Powell and Sheffi
[103] describe the load planning problem and propose a local improvement heuristic.
Erera et al. [104] suggest a path-based formulation with time and space considerations for
the LTL load planning problem and solve it via an integer programming-based local
search algorithm. Lindsey et al. [105] improve the algorithm of Erera et al. [104] by
changing the neighborhood structure and obtain better results. More recently, Yamada
and Febri [106] propose a solution approach to freight transport network design problem
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using the particle swarm optimization (PSO) technique. Most of the studies in this area

focus on tactical level decisions whereas we concentrate on LTL operations.

2.2.2  VRP with Cross-docking

Cross-docking is an important aspect of the LTL planning problem since the efficiency
of the transportation plan is highly dependent on the consolidation of shipments at cross-
dock facilities. VRP and cross-docking are two subjects that have been intensely, but
separately studied in the literature. One of the first studies that combine these two
concepts is proposed by Lee et al. [107], who define the problem for a single cross-dock
center and assume that pickup and delivery routes are distinct. The authors provide a
mathematical programming formulation for this problem and solve it via a tabu search
(TS) heuristic. Liao et al. [108] suggest a different TS algorithm for the same problem
and report better results than Lee et al. [107] in terms of both solution quality and
computation time. Tarantilis [109] presents an adaptive multi-start TS algorithm and
further improves the results. Santos et al. [110] enhances the problem such that some
vehicles are allowed to fulfill pickup and delivery requests within the same tour without
having to stop at the cross-dock center. They solve the problem with a branch-and-price
algorithm. Morais et al. [111] propose an iterative local search (ILS) algorithm for the
case with time windows imposed on pickup and delivery requests and bring about better
results compared to the best-known solutions in the literature. In a recent study, Grangier
et al. [112] introduce a matheuristic algorithm based on large neighborhood search and

find new best-known solutions to several instances in the literature.

2.2.3  Multi-Echelon Distribution Logistics

The LTL network we consider has a multi-echelon structure where long-haul and short-
haul operations act interdependently. According to the description of Schmid et al. [113],
in multi-echelon distribution systems, loads are collected from suppliers and brought into
hub locations. Long-haul transportation takes place between hubs. Once the goods arrive
at the destination hubs, they are distributed by smaller vehicles to their final delivery
locations. Gonzales-Feliu [114] provides a comprehensive literature overview on multi-

echelon systems. The author defines an echelon as the elementary organization unit of a
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supply chain and claims that an N-echelon network can be decomposed into N separate
echelons that are linked via intermediary facilities. A set-partitioning based mathematical
programming model is presented for the defined problem. A special case of multi-echelon
distribution problems is the Multi-echelon VRP (MEVRP). This problem is closely related
with the VRP with Cross-docking (VRPCD) in the sense that there exists an extra layer
for consolidation between pickup and delivery requests. The majority of academic
attention in the literature of multi-echelon distribution systems is paid to Two-echelon
VRP (2E-VRP), which is a special case of MEVRP. For a detailed analysis of work on
this area one may refer to the survey by Cuda et al. [115]. Exact, heuristic and hybrid
methods have been developed for solving 2E-VRP. Baldacci et al. [116] and Jepsen et al.
[117] propose exact solution algorithms to solve this problem, whereas Perboli et al. [118]
suggest a hybrid mathematical model-based heuristic. Notable pure heuristic algorithms
for this problem are presented by Crainic et al. [119] and Hemmelmayr et al. [120]. The
LTL planning problem we address has a three-echelon network, and the shipments may
go through two cross-docking operations while direct shipment and shipment through a

single cross-dock are also possible.

2.2.4  Synchronization in Routing Problems

Synchronization is a critical issue that needs to be addressed in multi-echelon and cross-
docking systems. Synchronization of both loads and vehicles should be maintained in
order to ensure the feasibility of solutions. Many authors have focused on the
synchronization aspects of VRP recently. Drexl [121] presents a comprehensive survey
of VRPs with synchronization requirements and introduces different types of
synchronization issues experienced in routing and scheduling problems. Neves-Moreira
et al. [122] focus on the synchronization of resources allowing exchange of trailers
between tractors and achieve good quality solutions in a reasonable amount of
computation time via a mathematical programming based heuristic. Gschwind [123]
incorporates synchronization into the Pickup and Delivery Problem (PDP) and solves the
problem by four different branch-and-cut-and-price algorithms. Grimault et al. [124]

apply the same concept to PDP with full truckloads and propose an ALNS algorithm.
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2.2.5  Pickup and Delivery Problem

PDP [125] is another relevant problem class due to the pickup and delivery orders present
in our system. PDP with Time Windows (PDPTW) is a variant of PDP in which time
windows are imposed on pickups and/or deliveries, as in our problem. Dumas et al. [126]
were the first ones to define PDPTW. They present a column generation based exact
algorithm for this problem allowing multiple depots and multiple vehicle types. Up to
now, many exact and heuristic solution methods have been developed by researchers to
solve the PDPTW. Novel exact algorithms are proposed by Ropke et al. [127] and Ropke
and Cordeau [128]. Notable heuristic methods presented so far can be found in Ropke
and Pisinger [129], Nanry and Barnes [130] , Liand Lim [131] , and Bent and Hentenryck
[132].

The LTL planning problem that we solve combines PDP with cross-docking in a
three-echelon environment. Nikolopoulou et al. [133] demonstrate a comparative analysis
of PDP and VRPCD and deduce that each approach has advantages and disadvantages
depending on the structure of the problem network. The authors also propose a hybrid
model which outperforms both approaches. The problems that integrate PDP and cross-
docking appear under different names in the literature such as PDP with Transfers
(PDPT), PDP with Transshipment (PDP-T) and PDP with Cross-Docking (PDPCD).
Mitrovi¢-Mini¢ and Laporte [134] introduce the idea of incorporating transshipment
points into PDPs and show the value created through this approach. Cortés et al. [135],
Santos et al. [110] and Rais et al. [136] propose mathematical programming formulations
for PDPT. Cortés et al. [135] solve the problem via Benders decomposition method
whereas Santos et al. [110] employ a branch-and-price algorithm. Petersen and Ropke

[137] and Masson et al. [138] use metaheuristic approaches to solve the PDPT.

2.2.6  The Multi-Period VRP

Our solution methodology is designed in such a way to produce LTL transportation plans
over a multi-day planning environment. In this context, our work shares common
characteristics with the Multi-Period VRP (MPVRP). Most of the authors who have
worked on MPVRP aim to generate solutions for multiple days within their multi-period

planning horizon whereas our approach is to solve daily planning problems that consider
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postponing some pickup and delivery requests to following days within the due dates
since future orders are not known in the real LTL planning system that we focus on. Wen
et al. [139] introduce the Dynamic MPVRP (DMPVRP) which incorporates newly
arriving customer orders on each day, similar to the problem we are dealing with. They
present the Mixed Integer Linear Programming (MILP) formulation of the problem and
solve it through a three-phase heuristic over a rolling planning horizon. As in our
approach, Wen et al. [139] allow unfulfilled orders with a penalty that increases over time.
The authors also try to balance the daily workload in addition to minimizing the travel
costs and customer waiting time, which adds a multi-objective character to their problem.
Albareda-Sambola et al. [140] extend DMPVRP by incorporating probabilistic
information for customer requests. They propose an adaptive policy to determine when
to serve a certain customer. Archetti et al. [141] represent alternative formulations for
MPVRP with due dates. They add valid inequalities and solve these formulations via the
branch-and-cut technique. They show the potential savings that can be achieved by
relaxing the due dates. Mancini [142] and Dayarian et al. [143] both propose an Adaptive
Large Neighborhood Search (ALNS) for solving MPVRP while Mancini [142] tackles a
variant of the problem with multiple depots and heterogeneous vehicle fleet. Yu et al.
[144] study the multi-period cross-dock distribution problem, which involves the
transportation of goods from manufacturers to customers through cross-dock terminal.
They present a PSO algorithm to solve single-period and multi-period versions of their

problem and compare their results against MILP solutions for small instances.

2.2.7  VRP with Full-Truckloads

The dedicated vehicle assignment problem for LTL and FTL routes that we solve shares
common characteristics with the VRP with Full-Truckloads (VRPFT). In VRPFT, each
transportation order is a full-truck service request between designated origin and
destination locations. Most variants of VRPFT also incorporate pickup and delivery time
windows. Percentage of empty trailer movements is either directly or indirectly included
in the objective function.

In most of the papers on VRPFT, it is assumed that there exists multiple depots in the
problem network and each vehicle has a base depot. In this sense, the problem is similar
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to MDVRP. Usually, it is required that the vehicles return to their base depots upon
completing their routes.

Doerner et al. [145] propose a hybrid ACO algorithm to solve the full truckload
transportation problem with a homogeneous fixed fleet and time windows. Arunapuram
et al. [146] suggest an exact solution method with a column generation framework which
can easily handle business constraints such as pickup time windows. Gronalt et al. [147]
provide a mathematical programming formulation that explicitly considers pickup and
deliveries with time windows and solve a relaxed version of their model to obtain lower
bounds. They present a savings based heuristic which produces solutions in a short time
period and compare their results with the lower bounds. Liu et al. [148] solve a variant of
this problem incorporating collaborating transport opportunities between carriers via a
two-phase heuristic algorithm.

In the case of our problem, any transportation request that is not assigned to a
dedicated vehicle is assumed to be fulfilled by a truck hired from the spot market. Since
it is cheaper to use dedicated vehicles, each re-assignment is considered to generate a
saving. In this respect, our work displays similarities with the Full-truckload Vehicle
Routing Problem with Profits (FTVRPP). Li and Lu [149] address this problem and

propose a hybrid genetic algorithm to solve small instances of a logistics company.

2.2.8  The Multi-Trip VRP

The last-mile delivery problem we address in this thesis is a multi-trip rich VRP which
possesses several practical considerations. The Multi-trip VRP (MTVRP) is an extension
of VRP which incorporates the use of vehicles multiple times within the planning horizon.
The first known effort to define and solve MTVRP was in 1990, by Fleischmann [150]
for the VRP with heterogeneous fleet and time windows. Although other variants of VRP
have been studied extensively ever since, the number of researchers that addressed
multiple trips in VRP is quite limited. Cattaruzza et al. [151] present a comprehensive
survey on MTVRPs. They provide an overview of mathematical formulations and
solution approaches developed for MTVRP and its extensions.

Both exact and heuristic solution approaches have been proposed to solve variants of
MTVRP. Azi et al. [152] and Hernandez et al. [153] attempt to solve the problem by

branch-and-price algorithms. Azi et al. [152] report solutions to modified version of
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Solomon’s test instances with 25 and 40 customers. Hernandez et al. [153] use the same
set of instances to test their algorithm. They solve more instances than Azi et al. [152] in
significantly lower solution times.

Heuristic algorithms have been employed to solve larger instances of MTVRP. Petch
and Salhi [154] propose a multi-phase constructive heuristic whereas Despaux and
Basterrech [155] introduce a local search algorithm within a simulated annealing
framework and solve instances with up to 100 customers. Seixas and Mendes [156] solve
MTVRP via tabu search and justify the quality of their heuristic solutions by comparing
their results with lower bounds obtained by column generation. Evolutionary algorithms
are among commonly used methods for solving MTVRP. Anggodo et al. [157] propose a
genetic algorithm for an application of MTVRP to optimization of tourist routes. Ayadi
and Benadada [158] and Cattaruzza et al. [159] implement memetic algorithms, in which
they incorporate local search procedures into their population-based methods.

An extension to MTVRP is presented by Alonso et al. [160] where they combine
periodic VRP with multiple use of vehicles. Nguyen et al. [161] and Crainic et al. [162]
solve a special class of MTVRP in which customers are divided into zones with distinct
supply points and each trip takes place within single zone.

In this chapter we presented an overview of the VRP literature and a review of the
relevant VRP variants. The next chapter demonstrates the detailed analysis of the current
system and a design proposal for its future state.
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Chapter 3

SYSTEM ANALYSIS AND SOLUTION DESIGN

This chapter presents an analysis of the current road transport system of the 3PL company,
a more detailed description of the problems and proposes a general solution approach for
the overall system by integrating the techniques designed for the three main identified
problems.

At the beginning of the chapter, we provide the essential terminology and briefly
describe the main system components that are extensively referred to throughout the
thesis. Afterwards, we characterize the network structure, which is followed by a
demonstration of the type of routes that are typically employed in the system and a
description of the existing planning processes. We finally provide a general solution
strategy that can be implemented to transform the planning approach of the overall

system.

3.1 Main Components of the System

In this section we define the basic system elements. By doing so, we also aim to
familiarize the readers with the terminology that will be used in the rest of the thesis. We

cover several network elements as well as certain inputs and outputs of the problems.

3.1.1 Location

Locations are classified as pickup and delivery locations, cross-dock terminals, depots
and vehicle home locations. Any location may fall into more than one category depending
on the problem instance. Transfer operations take place at the cross-dock terminals.
Depots represent starting locations of dedicated vehicles, however most of the depots also
function as pickup or cross-dock terminals. Vehicle home locations are designated

locations for dedicated vehicles to return upon completing their tasks. Latitude and
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longitude of each location is known. Road distance and duration between each pair of
locations are available. Locations are also associated with non-negative loading and

unloading times.

3.1.2 Zone

The planning region is divided into a number of zones. Typically, each zone
accommodates one cross-dock terminal. Each location belongs to a certain zone and

location-zone assignments are known.

3.1.3 Route

A route is simply represented as a sequence of visited locations in a single trip in the LTL
planning problem. In the context of the last-mile delivery planning problem, a route is a
collection of trips performed by the same vehicle on the same day. Total distance and
duration of a route can be calculated using the distance and time matrices, as well as
loading and unloading times. Routes used in the system exhibit certain characteristics due
to practical considerations. We categorize all the routes based on their structures when

we introduce the concept of route types.

3.1.4 Order

An order is simply a transportation request for certain items between designated origin
and destination locations. Therefore, there is a pickup terminal and a delivery terminal
associated with each order. In the system we address, total size of orders is represented in
terms of the total volume of its items in cubic meters. However, the models and
approaches we present can be easily adapted to multiple size units such as weight or
quantity. While LTL and FTL orders have due times that can be converted to due dates,
last-mile orders have delivery time windows. FTL orders are full-truck transportation

requests and they cannot be combined with other orders in a single vehicle.

3.1.5 Vehicle

Vehicles are the entities which perform the transportation activities. Vehicles used in the

system are usually trucks. VVehicles are differentiated based on their ownership types and
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physical characteristics. Vehicles owned by the 3PL company or hired on a long-term
contract are called as “dedicated vehicles”. The company can also rent trucks from the
spot market on a daily basis. Such trucks are named as “spot vehicles”. Physical
characteristics determine the capacity of the vehicle in terms of volume. Both the
ownership type and physical type of the vehicles has an impact on the vehicle-based costs.
Fixed costs, fuel costs and extra costs such as cross-docking costs changes from one
vehicle type to another. Dedicated vehicles are in general cheaper to use, but they are
limited in number. We assume that an unlimited number of spot vehicles can be used to
fulfill customer requests at higher costs. Dedicated vehicles have designated home
locations. We assume that the initial locations of the dedicated vehicles can be detected
through GPS devices, and these vehicles must return to their home locations within a

given time period.

3.1.6 Route-vehicle Pair

One of the main inputs of the LTL planning problem is the set of feasible route-vehicle
pairs, which we generate beforehand through a constructive algorithm based on the
characteristics of the route types. A route-vehicle pair entity exhibits properties of the
route and the vehicle it is composed of. Therefore, it is possible to assign a total cost,

capacity, distance and duration to any route-vehicle pair.

3.1.7 Combination

By the term “combination”, we refer to a certain route-vehicle pair and the set of orders
assigned to it. By solving the LTL planning problem, we produce a set of activated

combinations where each combination features a route, a vehicle and a set of orders.

3.1.8 Trip

In the context of the last-mile delivery problem, we use the term “trip” instead of
“combination”. A trip is a single tour in which a certain sequence of customers are visited
by a certain vehicle. Since each customer represents an order in the last-mile delivery
problem, a trip in the last-mile delivery context is equivalent to a combination in the LTL

context.
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The next section illustrates the network structures of LTL, FTL and last-mile delivery

operations in more detail.

3.2 Network Structure

The 3PL company employs a hybrid hub-and-spoke network to fulfill its customers’ LTL
and FTL transportation requests. The whole territory is divided into twenty zones, each
of which accommodates a single hub. These hubs function as regional cross-docking
facilities for consolidation and splitting purposes. Each end-of-line terminal, which can
be a pickup, delivery and/or a vehicle home location, is served by the hub within its

region.

A Cross-dock Terminal [ Pickup Location O Delivery Location O Vehicle Home Location

Figure 3.1. Sample Network Structure for LTL and FTL Operations.

While in a pure hub-and-spoke system all the flow is routed through hubs, the hybrid
strategy allows direct shipments between origin and destination pairs as well. Any LTL
order to be transported across the network can be picked up and delivered along a direct
route or undergo one (or two) transfers before arriving at its final destination. This implies
that an item can be carried by one, two or three vehicles from pick up until delivery.
Transfers can take place at the cross-dock terminals located in the origin zone and/or the

destination zone of any shipment.
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[] ) Direct shipment
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|:|- ------ ﬁ -------------- ’O Shipment with two transfers

Figure 3.2. LTL Shipment Types.

The network for last-mile delivery operations consists of a central depot, which acts
as a pickup location, a large number of delivery locations, which are also called as
customers, and several vehicle home locations (see Figure 3.3).

Q
@,
Q O O
Q O
O
O 2 0
O 2 v >
® O
O
O O
O O ® O
V Depot / Pickup Location O Delivery Location <> Vehicle Home Location

Figure 3.3. Sample Network Structure for Last-mile Delivery Operations.

In the last-mile delivery process, customers are directly served from the depot they
are assigned to, without any transfers. Dedicated vehicles perform trips to deliver orders
to customers, and they return to their home locations after completing their duties. The
home locations may or may not be the same as the depot.

There are more than thirty different last-mile delivery networks operated by the 3PL
company, and each of them is independent from each other in terms of the locations within
the network and their vehicle fleets.

In general, networks of LTL/FTL operations and the last-mile delivery operations are
distinct. However, it is commonly observed that a cross-dock terminal for the LTL
operations is physically the same facility as a depot for the last-mile delivery operations.
It is also possible that the depot of a certain last-mile delivery network becomes a delivery
location for the LTL/FTL network.
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3.3 Route Types

Since we focus on the road transport operations, all freight is moved by trucks in the
problem we aim to tackle. Each truck travels along a certain route. A route can be
represented by a sequence of locations to be visited by the truck. The types of routes that
are typically used in the LTL operations of the 3PL company have various distinctive
characteristics.

It is possible for a truck to stop at pickup locations, cross-dock terminals and delivery
locations in a single LTL route. Nonetheless, pickup locations are always visited before
cross-dock terminals and cross-dock terminals are always visited before delivery
locations. There is an origin zone and a destination zone associated with each route. A
route is classified as an intra-zone route if it has the same origin and destination zones,
and an inter-zone route, otherwise. An important feature of the inter-zone routes is that
the stops on the route are either in the origin zone or in the destination zone. This implies
that a route cannot have stops in more than two zones. We can also categorize the LTL
routes based on the type of locations they accommodate. Eight main types of LTL routes

(see Figure 3.4) can be characterized in this manner.

Route Type Ilustration

1. Collection Route D—D—»D—A

2. Distribution Route H@»@

3. Pickup and Delivery Route [ o ] OO0

4. Pickup and Delivery Route with Single (1] C oYeYe
Transfer

5. Trunk Route i E Z’ E

6. Trunk Route with Pickup D»D»Dﬁ 7_/ E
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7. Trunk Route with Delivery f 5 ﬁ»@—»{}-@

8. Trunk Route with Pickup and Delivery DD—DH{}-O*O

Figure 3.4. lllustration of LTL Route Types.

Collection routes are used for picking up items and shipping them to a cross-dock
terminal whereas distribution routes start from a cross-dock terminal and stop at delivery
locations for dropping the items at their final destinations. Collection and distribution
routes can be inter-zonal or intra-zonal depending on whether the visited cross-dock
terminal is in the same region as the pickup locations (for collection routes) or delivery
locations (for distribution routes). Pickup and delivery routes are used for direct
shipments from origins to destinations. In an intra-zone pickup and delivery route all
locations are in the same zone, whereas an inter-zone pickup and delivery route implies
that the pickup locations are in the origin zone and the delivery locations are in the
destination zone. Pickup and delivery routes with single transfer is the enhancement of
the inter-zone pickup and delivery routes with an extra stop at a cross-dock terminal. The
visited cross-dock terminal can either be in the origin zone or in the destination zone of
the route. Trunk routes facilitate the movement of freight between cross-dock terminals.
This type of routes can be augmented by accommodating additional stops for pickups,
deliveries or both. Each type of enhancement establishes a separate route type. These
route types are namely, trunk routes with pickup, trunk routes with delivery, and trunk
routes with pickup and delivery. In the solution approaches we propose for addressing the
LTL problem, we make use of the presented characterization of route types to generate
feasible routes.

FTL routes are a special case of pickup and delivery routes with a single pickup and
single delivery location. Last-mile delivery routes have a slightly different structure.
Since vehicles can perform multiple trips during the day, a typical last-mile delivery
routes consists of one or more tours that start and end at the depot location while the final
trip terminates at the vehicle home location (see Figure 3.5).
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Last-mile Delivery Route

)

[ |
\ \ \ J
| | |
Last-mile Delivery Trip Last-mile Delivery Trip Last-mile Delivery Trip

Figure 3.5. lllustration of a Sample Last-mile Delivery Route.

While LTL routes accommodate a small number of stops in general, last-mile delivery
routes may contain up to thirty customer visits per day. Therefore the structure of routes
in the LTL operations and last-mile delivery operations are quite different from each
other.

The next section describes the current planning processes employed by the 3PL

company.

3.4 Existing Planning Approach

The context of this study is directly related with the duties of four different operation
units within the 3PL organization. These are namely, LTL management, FTL
management, fleet management and last-mile delivery management divisions. These
divisions are responsible for both managing their networks over the long term and
sustaining the performance of day-to-day operations.

Planning of operations is performed in a highly decentralized manner by on-site
dispatchers and planners. These employees are located at three types of facilities: depots,
cross-dock terminals and fleet management offices. Depots also represent pickup
locations in the LTL context and most of them are warehouses of the clients of the 3PL
firm. Depending on the roles and facilities they are located at, we define the following

planner profiles:
e LTL/FTL planners located at the depots

e LTL planners located at the cross-dock terminals
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o Fleet planners located at fleet management offices
e Last-mile delivery planners located at the depots

The main responsibility of LTL / FTL planners located at the depots is planning the
LTL and FTL routes that originate from their depots. LTL planners located at the cross-
dock terminals exchange information with the LTL planners at the depots within their
zones and plan inbound and outbound LTL routes to achieve a better consolidation
through transfers. The planning of routes is done manually, and usually in a sequential
manner. The planners located at both depots and cross-dock terminals communicate with
the fleet management office for arrangement of trucks to perform the routes they have
planned. Fleet planners usually work on a first-come first-served basis and they assign
dedicated vehicles or spot vehicles to fulfill the requests using the most up-to-date
information they have. Last-mile delivery operations are planned separately from the
other operations by planners located at the depots that serve last-mile delivery customers.

The 3PL company continuously receives orders from its clients every day.
Transportation plans are made either early in the morning or in the evening before the day
trucks are dispatched. An LTL transportation plan is simply represented by the
assignment of the orders to routes which are matched with a certain vehicle type. It is
possible that an order is not assigned to any route in a daily transportation plan, in which
case it is referred to as an unfulfilled order for that day.

Each planner is responsible for planning a certain subset of daily orders depending on
the type and location of the facilities they are settled in. The LTL planners located at the
depots plan the orders which originate from their facilities. The routes they plan have a
single pickup location, which is the facility they are settled in. Nevertheless, there may
be more than one delivery location and/or cross-dock terminals on the routes planned by

them. These route types are illustrated in Figure 3.6.
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Figure 3.6. Route Types Planned by LTL Planners at the Depots.

One of the important factors that is taken into consideration by the LTL planners is
the capacity utilization of the vehicles they use in the transportation plan. A route-vehicle
pair is admissible only if the capacity usage resulting from the assigned orders is above a
certain limit. This limit changes for each route type. The typical minimum capacity
utilization is 80% for routes planned by the planners located at the depots. Any order that
cannot be assigned to a route-vehicle pair due to this constraint is reported to the planner
at the cross-dock terminal within the same zone as the depot. The planners located at the
cross-dock terminals receive similar order information from all depots and other pickup
locations within their zone. Based on this information, they plan the inbound shipments,
which are transported through intra-zone collection routes. The planners at the cross-dock
terminals are also responsible for planning outbound LTL shipments, which include the
items that are already unloaded at their stations and waiting for their next transportation
to their final destinations. Distribution routes, trunk routes and trunk routes with
deliveries constitute the type of routes that are used in the daily plans of planners at the

cross-dock terminals for processing outbound shipments (see Figure 3.7).

Inbound Shipments Outbound Shipments

/000
OO0\ [N—7\
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Figure 3.7. Route Types Planned by LTL Planners at the Cross-dock Terminals.
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Once the planning is done, the information regarding the FTL orders, planned LTL
routes and required vehicle types is sent to the corresponding fleet management offices.
Fleet planners have the most recent information regarding the status of dedicated vehicles.
They organize the assignment of dedicated vehicles to a certain portion of planned routes
and arrange trucks from the spot market for the rest of the routes. The fleet planners try
to achieve the least cost assignment by considering several factors such as the relative
costs of performing a certain route with dedicated or spot vehicles, empty truck
movements and returning dedicated vehicles to their home locations on time.

The last-mile delivery operations are carried out by their own dedicated vehicle fleet,
which is composed of smaller trucks compared to those used in LTL and FTL operations.
While the delivery locations in the LTL and FTL operations are often big facilities such
as distribution centers or large supermarkets, last-mile delivery operations involve home
deliveries and deliveries to small shops in urban areas. Therefore, last-mile delivery
planners need to take into account several extra factors in the route planning process.
Some of these factors are delivery time windows, accessibility restrictions in some areas
for certain vehicle types, and home locations for vehicle returns.

Although transportation plans are made daily, due to the possibility of leaving an
order unfulfilled on a certain day, the quality of the plans in terms of total freight costs
should be evaluated in the long run. Optimizing the transportation plans for each day does
not guarantee that the total cost is minimized in a multi-day setting. The main reason for
this is the lack of information regarding future orders. In the daily LTL planning process,

a planner has three options when deciding how to handle an order:
i) Do not assign it to any route,
i) Assign it to a route by which it is shipped to its final destination directly,
Iii) Assign it to a route by which it is shipped to a cross-dock terminal.

All three options have certain advantages and disadvantages and applying a good
strategy has the potential to improve the overall freight cost in the long term. Let us
assume that that an order is not fulfilled on a certain day due to lack of efficient
consolidation opportunities. On one hand, it is possible that a better plan is achieved the
next day with newly arriving orders. But it is also possible that no efficient combination
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will be available and the order may need to be shipped by a truck with a low capacity
utilization in order not to cause too many late deliveries.

There is also a trade-off between shipping an order directly to its final destination and
shipping it via cross-dock terminals with transfer operations. The first option may require
extension of a direct delivery route by an extra delivery stop, which increases the freight
cost associated with that route but it also helps avoiding an extra transportation step and
may be advantageous when no efficient consolidation opportunities arise in the
subsequent plans. Therefore, direct shipping versus cross-docking decision is also a
crucial point for the LTL planning process.

In this section we summarized the existing way of planning transportation operations.

In the next section we present an overview of the new approach we propose.

3.5 Overall Solution Design

In this section we describe a general planning approach for the road transportation
operations of the 3PL company by identifying the problems to be addressed and proposing
a solution strategy to integrate the techniques that will be designed to solve each of these
problems independently.

The first problem we identify is named as the LTL Planning Problem (LTLP). As
opposed to the current LTL planning approach where routes are planned in a decentralized
way, LTLP is defined as a centralized problem where all LTL orders are planned together.
The main inputs of LTLP are LTL orders, while the specifications of available route types
and vehicle types are also taken into consideration. LTLP produces combinations and a
set of unfulfilled orders. Each combination is a route-vehicle pair with a set of orders
assigned to it. The routes in the LTLP solutions comply with the rules that are currently
taken into consideration by LTL planners. As a part of our general solution strategy,
LTLP incorporates only spot vehicles, which implies dedicated vehicles are not used in
LTLP solutions. It is assumed that an unlimited number of spot vehicles of each type is
available in the system.

The second problem we address is called the Dedicated Vehicle Assignment Problem
(DVAP). DVAP aims to assign dedicated vehicles to FTL orders and planned LTL routes.
In this sense, DVAP takes the output of LTLP as an input. LTL outputs may include route
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dependencies since an order may be assigned to more than one route when it undergoes a
transfer. This creates synchronization issues that need to be dealt with. DVAP may
reschedule routes in order to maintain the synchronization. DVAP may assign multiple
routes to a dedicated vehicle taking into account empty vehicle movements and return of
vehicles to their home locations.

The last problem we aim to solve is the Last-mile Delivery Planning Problem
(LMDP). LMDP resembles the daily route planning problem encountered by last-mile
delivery planners by incorporating all practical rules and constraints such as multiple
trips, time windows and accessibility restrictions.

As we will present in the following chapters of this thesis, automated solution
approaches have been developed for each of these problems. Let us refer to the collection
of models and algorithms that are used for solving each problem independently as solvers.

Having the LTLP, DVAP and LMDP solvers, the automated planning system illustrated

Real-time Dedicated
Fleet Information
1T

FTL Orders DVAP Solver 4—[ DVAP Solution J

LTLP Solution

in Figure 3.8 can be implemented.

LTLP Solver

LTL Orders

Intra-zone LTI i
Delivery Orders |
v

Last-mile Delivery LMDP Solver LMDP Solution
Orders

Figure 3.8. Automated Road Transportation Planning System Proposal.
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The presented system proposes an integrated solution strategy for the planning of road
transportation operations of the 3PL carrier. In the suggested process flow, firstly the
LTLP is solved. LTLP and LMDP solvers can be integrated in two different ways. In the
specific case where the cross-dock terminal and last-mile delivery depot are in the same
facilities, it may be possible to combine the intra-zone LTL orders that need to be shipped

from the cross-dock terminal to their final destinations with the other last-mile delivery
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orders within the same zone. The combined order set can be planned through the LMDP
solver. Another way to integrate these methods would be embedding the LMDP solver
into the LTLP solver to solve the intra-zone collection and distribution sub-problems of
LTLP via the LMDP solver. This can be a useful strategy if the intra-zone collection and
distribution routes used in the LTL operations display similar characteristics as the last-
mile delivery routes. In our specific case these route types are highly differentiated and
this integration is not adopted. Currently, the LTL and last-mile delivery operations of the
3PL company are managed through different information systems. In order to overcome
this issue, the two systems should be integrated in the future so that they can exchange
order information automatically.

The solution of LTLP constitutes the input of DVAP along with the FTL orders and
real-time location and status of dedicated vehicles. Therefore, DVAP solver can be
executed right after the LTLP solution is obtained. LMDP solver can be run in parallel to
the DVAP solver, since the last-mile delivery operations are performed by their own
dedicated fleets and the two problems are not directly linked with each other.

The combination of DVAP and LMDP solutions become the output of the automated
road transportation planning system.

The system should be structured in a modular way such that the individual solvers can
also be executed independently when necessary. The ideal usage of the system would be
running it on a daily basis, preferably during the night before plans are realized. However,
it should also be possible to execute the system at any time, using the most recent order
and vehicle information.

In this section we first identified the three main problems that we will address in the
rest of the thesis. Then we proposed a system and an automated solution strategy for the
overall road transportation planning problem of the 3PL firm. In the next three chapters,
we will focus on the three problems we identified, respectively. For each problem, we

will present a formal definition, our solution approach and computational results.



Chapter 4: The Less-than Truckload Planning Problem 37

Chapter 4

THE LESS-THAN TRUCKLOAD PLANNING PROBLEM

This chapter addresses two different versions of the LTLP. The two versions are called
the LTLP with Continuous Planning Horizon (LTLP-C) and the LTLP with Discrete
Planning Horizon and Multi-period Considerations (LTLP-DM), respectively.

We first examine the LTLP-C, which aims to find the best combination of order-route-
vehicle assignments over a single, continuous and open-ended planning horizon. The
LTLP-C plans the complete set of routes to ship orders from their origins to their
destinations. Therefore, orders that will be shipped through transfers will be assigned to
multiple routes in a single transportation plan, which causes synchronization
requirements at the cross-dock terminals. It is possible that an order is not fulfilled in a
certain plan, in which case an artificial unfulfillment cost is incurred. We formulate the
LTLP-C as an MILP problem, which can be solved for small instances. Larger instances
are solved via a two-phase matheuristic approach.

After analyzing the LTLP-C solutions with the relevant parties at the 3PL company,
we decided to slightly change the scope of the problem in order to make it a better fit to
the real-world LTL planning problem. The new problem we address is the LTLP-DM,
which is a simplified version of the LTLP-C in several aspects. We consider a discrete
planning horizon in a multi-period setting where each period corresponds to a single day.
We solve a daily planning problem each day by taking into account the implications of
our decisions in a multi-day setting. The quality of the LTLP-DM solutions are therefore
evaluated through long-term freight costs. Instead of planning the whole shipment process
of an order from origin to destination, we make assignment decisions on a daily basis.
This implies that an order can be assigned to at most one route in a certain transportation
plan. If the order is not shipped to its final destination directly but it is transported to a
cross-dock terminal to be transferred to another route, the subsequent shipment of the

order will be included in the future LTLP-DM instances. This approach creates two main
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advantages: Firstly, it increases the possibility of achieving a better consolidation for the
orders-to-be-transferred since they are re-planned with newly received orders in the
subsequent days. Secondly, the synchronization requirement can be lifted which reduces
the complexity of the problem. In this way, realistic instances of the problem can be
solved in a timely manner. We propose two matheuristic approaches for solving the
LTLP-DM. The first one, called the Decentralized Heuristic (DH), mimics the existing
planning approach of the 3PL company, which serves as a benchmark for comparison.
The second method, which is named as the Centralized Heuristic (CH) adds a certain
degree of centralization to the solution approach and produces better results in the long
run.

Solution approaches for both LTLP-C and LTLP-DM are decomposition-based
methods and they both involve solving a series of sub-problems through mathematical
programming solvers. All the models designed for addressing the sub-problems require
that the set of admissible routes are generated beforehand and available to use. Since LTL
routes have certain characteristics and constraints, it is computationally easy to produce
these routes for each of the sub-problems within the solution algorithms.

In the first section of this chapter we present our route generation algorithm and a
procedure for constructing the set of route-vehicle pairs, which are both utilized by LTLP-
C and LTLP-DM solvers. The second section focuses on the LTLP-C and the final section
provides details of the LTLP-DM. In the second and the third sections, we give formal
definitions of the respective problems along with their mathematical programming
formulations. We then present solution approaches designed to tackle the problems and

demonstrate the results of computational experiments.

4.1 Route Generation Algorithm

The LTL routes that are currently employed by the 3PL company have various distinctive
characteristics. We have identified eight main LTL route types based on the common
route structures. However, a more detailed classification is needed to explicitly define
route types for the route construction process. The following attributes need to be
specified for each route type:
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pminpick : Minimum number of pickup locations in the origin zone

pmaxpick - Maximum number of pickup locations in the origin zone

pmindel . Minimum number of delivery locations in the destination zone
pmaxdel : Maximum number of delivery locations in the destination zone
prdorigin— : True, if the route visits the cross-dock terminal in the origin zone;

false, otherwise

[radest . True, if the route visits the cross-dock terminal in the destination zone;
false, otherwise

pmaxspdev. - The maximum percentage deviation allowed from the shortest path
distance between the first and last locations of the given route

prinutil : Minimum capacity utilization allowed for any vehicle to take the given

route

The set of orders (I), the set of intra-zonal route types (H™"%) and the set of inter-zonal
route types (H™t") to be used in the route generation process are determined based on
the corresponding problem instance to be solved. Based on the provided orders in I, set
of all possible origin-destination pairs (W) is generated. Each order i € I has an origin
location, [? and a destination location, IP. All possible distinct pairs of origin and

destination locations (12, P) form the set W.

Each of the route types provided, h € (Hi””“ UH""W) is associated with a vector

mpick ick , dorigi d , ,
.Bh — (ﬁ;:lmpw ) ;lnaxplc ’ﬁirlnmdel’ﬁ}rlnaxdel’ﬁ;: orlgm' ’Bfalcddest’ﬁ;lnaxsp €U“8}rlnlnutll)

Any route r is a sequence of locations visited. L7, L2 and L% are ordered lists of visited
pickup locations, delivery locations and cross-dock terminals along route r, respectively.
Eventually, we define r = (L7, LS, L2). Throughout the route generation algorithm, we
maintain a list of routes-to-be-explored (R%). Generated routes which are admissible are
accumulated in the set R;, given that the associated order set is I. Total distance of route
r is denoted by DI , whereas D? stands for the shortest path distance between the first

and the last locations of route . Any admissible route r should satisfy DI < DS «

(1 + pmaxspdevy Eyrthermore, SP ° represents the potential of route r in terms of size,

which is the summation of the sizes of all orders that can be carried along route r. Any

route  of type h can be admissible if SP°° > gminutil x Qmin \where Q™" is the
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capacity of the smallest vehicle for the given problem. The pseudocode of the route

generation algorithm is provided in Algorithm 4.1.

Algorithm 4.1. Route Generation

1:

2:
3:
4.

10:

11:
12:

13:
14:
15:
16:

17:

18:
19:

20:

Get algorithm inputs: I, H™7 and H™*", Let W := @ and R, := @
Create the set of origin destination pairs (W) based on the given set of orders (/)
For each element (1°,1P) € W:

If 19 and [ are in the same zone:

H* := Hintra
Else:
H* := Hinter
For each route type h € H*:
Let RE := ¢
Let IP.:=¢ , I5%.:=0¢ , I2.:=0 and define empty route
T* = (Zﬁ*, Zg*, Z?*)

If B"PK > 0 and 1° € LP:
Append 1° to L.
If BT = True:
Let z, be the origin zone of *. Append ¢; € LS, to y[
If grddest = True and 1° and [P are in different zones;
Let z, be the destination zone of *. Append ¢, € L, to L.
If gmindel > 0 and I” € LP:
Append [P to I2.
Let D. := DT.
Ifo*Ot > ﬁ;lninutil % Qmin’ |Z’;*| > B}rlninpick and |er)*| > ﬁ}rlnindel:
Append r* to R,
Append r* to RE
While |RE| > 0:
Pick and remove the first route (r**) from RE
If |I2..| < grexPick:
Let z, be the origin zone of r**. For each pickup location
l, € LY suchthat [, & LV
For position i from 2 to |LZ..| + 1:
Insert I, into i** position in Lf. and obtain L,
Let IS, := LS. and L2, := I[P
Letr' = (L%, LS/, L)) and append ' to RE
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21: If Sf,Ot > ﬁ}rlninutil " Qmin ’ |ZI;,| > ﬁ}rlninpick ’
|er)’| > 'B}rlnindel and DrT’ < Drs* «(1+ ﬁmaxspdev):

22: Append r* to R,

23: If |[L2..| < ppraxdet;

24: Let z, be the destination zone of r**. For each delivery location

I, € L2 suchthat [, & L2

25: For position i from 1 to |L2..|:

26: Insert I, into " position in LP. and obtain L2
LetIF, := LF.. and IS, := LS.

27: Let ' = (L), I, IP)) and append 7’ to RE

28: If Sf,"t > gminutil Qmin |7 = ﬁ,Ti”piCk ’

|Z€I| > ﬁ;;nindel and DZ’ < Df* % (1 + lgmaxspdeV):

29: Append r* to R;

30: Remove duplicate routes in R; having the same set of pickup locations, cross-
dock locations and delivery locations but not necessarily in the same order.
Ensure that only the routes with the minimum distance remain.

31: Return R;

Inputs of the route generation process is the set of orders (1), the set of intra-zone route
types (H™7%) and the set of inter-zone route types (H™t"). The algorithm starts by
identifying all origin-destination pairs (1%,1P) in the network for the corresponding
problem based on the pickup and delivery locations of the transportation orders in set /
(Step 2). For each origin-destination pair (19, 1) and admissible route type h, we first
construct a base route which includes the selected origin location 2, destination location

xdorigin

[P and associated cross-dock terminals, depending on the values of g, and
pirddest through steps 6 — 11 of the algorithm. The base route is added to the list of routes-
to-be-explored (RE) and if it is admissible with respect to the parameters specified by the
B, vector, it is also added to the set of generated routes (R;). Next, we apply a breadth-
first search by adding new pickup and delivery locations to each route in RE one by one
at steps 14 through 29 of Algorithm 4.1. Each newly created route is tested for
admissibility and added to the R; if the required conditions are met. Note that the shortest
path distance associated with any route r’ (Df,) equals the total distance of its base route
r* (DL.). Atstep 30, generated routes that have exactly the same set of pickup, cross-dock

and delivery locations are reduced by removing the duplicates such that only the routes
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with the minimum total distance stay at R;. The algorithm returns the set of generated
routes R;.

Our initial assumption is that an unlimited number of trucks of each type is available
in the spot market. For each problem instance to be solved, we need to construct a set of
route-vehicle pairs (P) by combining the routes in R, with sufficient number of trucks of
each type such that no order has to be unassigned, or assigned to an undesirable route-
vehicle pair. Let V be the set of vehicle types for the given problem where Q) denotes the
capacity of the truck associated with the vehicle type v € V. For each route r € R, of type
h € (Hin”“ U Hi”te’") and vehicle type v € V, the number of route-vehicle pairs needed

is calculated by the following formula:

min {

Let IR be the subset of orders which can possibly be assigned to route r. S?°" is the

pot

. IR |} (4.1)

QVﬁIZninutil ’
v

sum of the sizes of orders in IR, which represents the total load that can be potentially
carried along route r. Each route is also associated with a minimum utilization limit
prinuti which is specified for its route type. The presented formula (4.1) returns the
minimum of two integer values. The first value stands for the number of vehicles of type
v that would be needed if all orders in I are carried along the same route (r) only with
vehicles of type v, which are loaded at their minimum capacity utilization limits. The
second value is simply the number of orders in IX. Since an order can be assigned to at
most one route-vehicle pair, |IX| sets an upper limit on the number of vehicles needed to
cover all orders in IR. The minimum of the two numbers represents the maximum number
of vehicles of type v that can potentially be used in combination with route r. Therefore,
the set of route-vehicle pairs (P) is constructed by duplicating each route and vehicle type

pair by the number found by formula (4.1).

4.2 The Less-than Truckload Planning Problem with Continuous Planning Horizon

The LTLP-C involves pickup and delivery orders with deadlines and cross-docking

opportunities causing synchronization requirements. The routes have a multi-echelon
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structure the type of routes employed adhere to the rules that are taken into consideration
by the existing LTL planners of the 3PL company. The vehicle fleet consists of
heterogeneous spot-hired vehicles. Each truck is linked with a certain vehicle type.
Different vehicle types have different vehicle capacities and shipping costs. The total
freight cost associated with a trip depends on the route to be traveled and the type of
vehicle to be used. Although spot prices may vary from day to day, we assume that the
cost of a route-vehicle pair is a deterministic parameter which can be calculated based on
the route characteristics such as distance, duration origin-destination cities and number of
stops, and vehicle characteristics such as fixed vehicle costs and fuel consumption per
kilometer. The firm has a broad network of truck drivers and can find any type of vehicle,
at any quantity within a short notice period. Therefore, it is assumed that the number of
trucks that can be used is unlimited for all vehicle types.

The objective of the problem is to find a minimum cost assignment of orders to
feasible route-vehicle pairs while maintaining synchronization and ensuring delivery
deadlines are not exceeded. The objective function also incorporates an order
unfulfillment cost, which is incurred if an order is not fulfilled in the transportation plan.
We formulate this problem as an MILP model. We propose a decomposition-based
iterative matheuristic algorithm that consists of construction and improvement steps for
solving large instances. In the computational study, we compare the results of the MILP

solutions against matheuristic results.

4.2.1 Problem Definition

The main inputs of the base problem are the sets of orders (I), pre-determined route-
vehicle pairs (P) and locations (L). LF, LP and L¢ denote the set of pickup locations,
delivery locations and cross-dock terminals such that (L = LF U LP U L°). Each order (i €
I) has an origin location (I € LP) and a destination location ([P € LP). Size of order i is
denoted by S;. An order can be assigned to one or more route-vehicle pairs. In the latter
case, it is transferred from one vehicle to another at least once. Transfer operations take
place at cross-docking locations. It is possible that an order is not assigned to any route-

vehicle pair. In that case, the order is unfulfilled and an unfulfillment cost of ¢/ is
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incurred. There is a deadline associated with each order delivery. The latest delivery time
for order i is denoted by D;.

We form the set of feasible routes by the route generation algorithm. The set of route-
vehicle pairs (P) is constructed through the procedure defined in Section 4.1. Each route-
vehicle pair (p € P) possesses attributes of both the route and the vehicle attached to it.
¢} denotes the total freight cost of route-vehicle pair p. @, stands for the capacity of the
vehicle used in route-vehicle pair p. Each route embodies a series of locations to be
visited. The position of location [ € L within the route associated with route-vehicle pair
p is denoted by PJ,. For each route-vehicle pair, the time between the starting of the route
and the arrival at a specific location within the route is given as a constant parameter,
which is represented by T}, for location I within the route linked with route-vehicle pair
p. T includes the driving time, which depends on the distance traveled up to the location
[ and the average speed of the vehicle, in addition to loading and unloading times spent
prior to arriving at the location [ along the route associated with p. All these components
are assumed to have constant values. The unloading time at location [ is denoted by T}V.

We define the following binary parameters to be used in the MILP formulation of the

base problem:

1,if order i can be picked up by route — vehicle pair p

o? . i€l,peP
K 0, otherwise p
1,if order i can be delivered by route — vehicle pair ,
op, f . y parrp i€l,peP
0, otherwise
(1,if location l is within the route linked with
Rle f . p leLper
L0, otherwise
P1, D2 € P,
R . (1,if routes of r; and r, intersect at cross — dock location | -
pib2l - 0, otherwise P17 P2,
leL’

We define seven types of decision variables to formulate the base problem. xf; IS a
binary variable which indicates whether order i is picked up by route-vehicle pair p.
Similarly, xl% takes the value of one if order i is delivered by route-vehicle pair p and
zero, otherwise. Variables xl-’; and xg, are included in the MILP formulation for order i €
I and route-vehicle pair p € P, if 0{;, = 1and 03, = 1, respectively. The binary variable

associated with the transfer of an order from one route-vehicle pair to another is
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represented by xiTplpzl. This variable becomes equal to one if and only if orderi € I is
transferred from route-vehicle pair p; € P to route-vehicle pair p, € p at cross-docking

location I € L¢ where p; # p, and R, ,, ; = 1. We set the value of the binary variable u;

P1P2
to one in the case where order i € I is not assigned to any route-vehicle pair and to zero,
otherwise. Variable y,, shows whether route-vehicle pair p € P is activated, that is, at
least one order is assigned to p. The starting time of the route linked with route-vehicle
pair p is determined by the continuous variable a,. Finally, b, ,; takes the value of one,
if the vehicle attached to route-vehicle pair p; € P arrives at the cross-docking location

L € L¢ before the vehicle associated with p, € P where p; # p, and R, , ;, = 1. We

p1P2
assume that T is a sufficiently large number that represents the maximum length of the

planning horizon. The resulting MILP formulation of the base problem is given as

follows:
Minimize Z Clyy + z cfu; 4.2)
pEP i€l
subject to
P
Z Xip+u; =1 .
TER l E 1 (43)
of,=1
D
z Xiptu; =1 .
TER €] (4.4)
op=1
P D D T .
Xip, S Oimxim + Z Z Xip1p,l iel,p, €EP, (4.5)
D2€P leLC OLI; = '
P2#P1 Rpyp,1=1 !
P T .
Xip, T Z z Xipyp1 < 1 iel,p, €P, (4.6)
pP2€P  eLC ofF = '

ip1 —
P2#P1 Rp,py1=1
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D .
xip1+ Z z xlp1p21—1 lEIplePr (47)
P2EP gLl 0h, =1 '
P2#P1 Ry, py1=1 !
T P T
z xipﬂ’zll Olpl ip1 + z z xip2p112
PP P2€P el iel,p, P, €L 4.8
Rpypy1,=1 P2%P1 Pllép1<Pllip1 P1 ! ( )
Rpopqip=1
T D T
Z xip2p111 012’1 ip1 + Z z Xip,pal,
P2€P P2€P  L,eLC iel,p,eP,l €L’ 4.9
Rp,py1;=1 P2#P1 Pl <Pl P1 ! (4.9)
Rpipal,=1
Xty < Vp i€ElLpeEP,O) =1 (4.10)
xP < iel,reR0 =1 (4.11)
ip = Yp , »Vip '
T i€l,leLt p,p, €P,
Xipipol = Vpy D1 # Doy Ryt = 1 (4.12)
) 1P2l
T iEIlELCpl,pZEP,
) 1P2l
2 T
2 b)) ) Seha
i€l [€E] D2€P 1,€LC
Pliop1<P11p1 Rpopi1p=1
-2
l,eL,p, EP,
=] Fe (4.14)
01p1_1 lip1 —
PLL?pl‘th
T
- Z Z Z Sixip1pzlz = QP1
i€l DP2€P I,€eLC
*
PP P <Plip,
Rpipa1,=1
ay+Tjp, < D +TP(1—xp) ielL,peP,0p =1 (4.15)
A A U
(apz + Tlpz) - (ap1 + Tlp1 +T ) = M(bpﬂ’zl - 1) ielle Lc,pl,p2 EP, (4'16)
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pl i pZ' Rplpzl = 1

i€l,l €L’ py,p, EP,

T <
Xipippl = bpﬂ’zl Py # P2 Rpp,1 = 1 (4.17)
T
z Z Xipipyl < 1 ]
= &= e i€l,p, EP (4.18)
P2#P1 Rp py1=1
xf, € {0,1} i€el,peP, 0, =1 (4.19)
el leL’ EP
xL 0,1 LELIELMLPLP €5 (400
ipipot € 10,1} P1 # P2 Rpp,1 =1 (420
xp, € {0,1} i€l,reR0p =1 (4.21)
u; € {0,1} i€l (4.22)
¥y €{0,1} pEP (4.23)
€L’ p,p, EP
b € {0,1 !’ 2 TN 4.24
a, =0 pEP (4.25)

The objective of the model (4.2) is to minimize the cost of activated route-vehicle
pairs and unfulfilled orders. We assume that all freight costs regarding a route-vehicle
assignment are included in the cost parameter C;. The cost of not fulfilling an order is a
special cost parameter that should be set carefully. If the size of an order is large or its
deadline is approaching, a higher unfulfillment cost should be set for it. Setting this cost
too high would lead to usage of inefficient route-vehicle pairs, whereas setting it too low
would result in missing out on the opportunities to attach the order to a proper route-
vehicle pair.

Constraints (4.3) and (4.4) of the MILP formulation indicate that an order is either
picked up and delivered by some route-vehicle pair or it is unfulfilled. Constraint (4.5)
suggests that if an order is picked up by a certain route-vehicle pair, then it is either

delivered by the same route-vehicle pair or it is transferred to another one at a cross-
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docking location. Constraint (4.6) strengthens the formulation by ensuring that an order
cannot be picked up by and transferred into the same route-vehicle pair. Similarly,
constraint (4.7) guarantees that an order cannot be delivered by and transferred from the
same route-vehicle pair. Constraint (4.8) implies that an order can be transferred from one
route-vehicle pair to another if it is either picked up by its current route-vehicle pair or it
is transferred into its current route-vehicle from another one earlier. A similar condition
Is imposed by constraint (4.9), which indicates if an order is transferred in to a route-
vehicle pair, then it must be either delivered by its new route-vehicle pair or transferred

to another route-vehicle pair later on. The binary variables related to pickups (x{;,),

deliveries (xl%) and transfers (xiTplpzz) are allowed to take the value of one only if their

associated route-vehicle pairs are activated. This requirement is imposed by constraints
(4.10) through (4.13). Constraint (4.14) enforces that the vehicle capacity is not exceeded
at any location along the route of a route-vehicle pair. We ensure that the difference
between the size of total incoming orders and total outgoing orders up to each location
within a route is less than or equal to the capacity of the vehicle attached to it. Constraint
(4.15) guarantee that delivery deadlines are not exceeded. Constraints (4.16) and (4.17)
maintain the synchronization of route-vehicle pairs by making sure that a transfer from a
route-vehicle pair to another can take place only if the delivering vehicle arrives and
finishes unloading at the corresponding cross-docking location before the receiving
vehicle arrives. Constraint (4.18) satisfies that an order can be transferred into a certain
route-vehicle pair at most once. Constraints (4.19) through (4.24) and (4.25) ensure
binarity and non-negativity of variables, respectively.

In this formulation, if the number of route-vehicle pairs linked with the same route
and a vehicle of the same type is high, then many feasible solutions will be symmetric.
This redundancy will most likely adversely affect the performance of the solver. In order
to overcome this handicap, we add symmetry breaking constraints inspired by the ones
proposed by Coelho and Laporte [163]. Assume that we order the route-vehicle pairs from
1to |P| and the position of each route-vehicle pair represents its index. For any two route-
vehicle pairs with the same route and a vehicle of the same type, the one having the larger
index cannot be used unless the one with the smaller index is used. Let the index of route-

vehicle pair p be denoted by §(p) and let us define a new binary parameter Rz’flpz such

that:
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RR  — {1, if p; and p, have the same routes and same vehicle types
PiP2 (0, otherwise

where p;,p, € P and p; # p,.

Then we have the symmetry breaking constraints y, = y,, (4.26) where R§1p2 =1
and 6(pq) < 8(py).

Constraint (4.26) will not tighten the bound on the best possible integer solution, but
they will make sure that route-vehicle pair p; is always activated before p,. By
incorporating these constraints, we prevent unnecessary branches that would arise by
swapping identical route-vehicle pairs.

Next, we address the practical minimum utilization constraint. Suppose that M,
denotes the minimum vehicle utilization limit for route-vehicle pair p € P. We can add
constraints (4.27) to our formulation to ensure that if a route-vehicle pair is activated, then
the total size of picked up orders and inbound transfers is greater than the provided

minimum utilization limit.

Z X, i*ip,psl /Qp1 > M, y, i(€lp €P (4.27)

i€l iel Dp2€P IZELC
P _ * —
in—l P2#P1 Rp2p11—1

Proposed MILP formulation is computationally difficult to solve due to the high
number of variables and constraints. Preliminary experiments showed that problem size
grows quickly in instances with high consolidation opportunities. The main reason for the
complexity is the 4-index t variable and the constraints that deal with transfers.
Therefore, an alternative strategy is required for solving practical size instances. In the
next section we propose a matheuristic approach for solving larger instances of LTLP-C

in shorter computation times.

4.2.2 A Matheuristic for LTLP-C

A heuristic algorithm that utilizes mathematical programming models in its steps is called
a matheuristic. This type of algorithms has been applied to different variants of VRPs.
Archetti and Speranza [93] present a classification of matheuristic approaches for routing

problems.
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We propose a matheuristic algorithm for solving the LTLP-C. This algorithm consists of
a construction phase and an improvement phase. In the construction phase, we employ a
fix-and-optimize heuristic to build an initial solution. We then improve the initial solution
by a simulated annealing (SA) algorithm which incorporates a tabu search (TS)
mechanism. In both phases, we solve smaller sub-problems of the LTLP-C with exact
solution methods. Next, we describe the algorithms developed for construction and

improvement phases in detail.

Construction Matheuristic

The construction matheuristic uses our route generation method and a simplified version
of the MILP model for the LTLP-C. In this version, decision variables and constraints
related to cross-docking are excluded. Hereafter we call this problem as the LTLP-C-
Sub. The LTLP-C-Sub is a special case of the LTLP-C in which only direct routes are
used. A typical solution to the LTLP-C-Sub contains direct routes from pickup locations
to delivery locations. The LTLP-C-Sub can be partitioned into multiple smaller sub-
problems based on the pickup and delivery zones of the orders. For further computational
efficiency, we solve separate sub-problems for orders of each zone-to-zone pair or intra-
zone orders of each zone.

During the development of the matheuristic, we were inspired by several ideas that
have been taken into consideration by the on-site planners of the 3PL company over the
years. We start the algorithm with the vehicle types having the largest capacity. We try to
find highly utilized direct routes by generating direct-type routes only. We decompose
the remaining orders into multiple legs by setting their origin or destination locations to
cross-docking locations. We also divide the orders based on their origin and destination
zones and solve smaller sub-problems for each group. As we proceed through the
algorithm, we switch to smaller vehicles at certain steps. We keep the multi-leg orders
synchronized by adjusting their deadlines when necessary.

The LTLP-C-Sub formulation has a similar notation as the one proposed for LTLP-C
in Section 4.2.1. We use a single type of binary variable to indicate the assignment of

order to a route-vehicle pair, x;,, which takes the value of one if order i € I is assigned

to route-vehicle pair p € P, and zero, otherwise. x;, is defined only when 0;, = 1, that
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is, order i can be assigned to route-vehicle pair p. The resulting formulation of LTLP-C-

Sub is given follows:

Minimize Z Chyp + z ¢l (4.2)

PEP i€l

subject to

xl-p+ul-=1

v i€l (4.28)
in=1
Xip < Vp [ELpEP Oy =1 (4.29)
Sixip <
Z ip = Cp p EP (4.30)
1€l
in=1
A P .
ay+Tjp, <D +T (1—x;) i€ELPEP Oy =1 (4.31)
Sixin = M.
ZEI: e pCpdp p€EP (4.32)
in=1
xipE{O,l} iEI,pEP,Ol’p=1 (433)
u; € {0,1} i€l (4.22)
¥y €{0,1} pEP (4.23)
a, =0 pEP (4.25)

The objective function of the LTLP-C-Sub is the same as that of the LTLP-C.
Constraints (4.28), (4.29), (4.30), (4.31) and (4.32) are analogous to constraints (4.3),
(4.10), (4.14), (4.15) and (4.27) in the LTLP-C model, respectively.

We solve instances of LTLP-C-Sub at certain steps of the construction matheuristic.
The general flow our constructive matheuristic algorithm are demonstrated in Figure 4.1,

where the route type numbers are adopted from Figure 3.4.
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Step 0: Initialization
v

Step 1: Plan Pickup and Delivery Routes (Type 2)
v

A

Step 2: Decompose Orders

v
Step 3: Plan Inter-zone Collection Routes (Type 1)
¥

Reunite Orders
Step 5: Reunite and Decompose Orders Activate the Next Largest Vehicle Type

v A
Step 6: Plan Inter-zone Distribution Routes (Type 2)

v
Step 7: Add Extra Pickup Stops (Type 2 = Type 4)

Step 4: Add Extra Delivery Stops (Type 1 - Type 4)
4

Smallest vehicle No
type activated?

l, Yes

Activate All Vehicle Types

Step 8: Reunite and Decompose Orders

v
Step 9: Plan Trunk Routes (Type 5)
v

Step 10: Add Extra Delivery Stops (Type 5 = Type 7)
v

Step 11: Add Extra Pickup Stops (Type 5, 7> Type 6, 8)
v

Step 12: Plan Intra-zone Collection Routes (Type 1)

v
Step 13: Plan Intra-zone Distribution Routes (Type 2)

Figure 4.1. Construction Matheuristic for LTLP-C.

The algorithm starts with the vehicle type having the largest capacity. At each
planning step (steps 1, 3, 6, 9, 12 and 13) we partition the active orders based on their
origin and destination zones. For each segment, we generate the set or route-vehicle pairs
for the relevant subset of orders and solve the LTLP-C-Sub. We keep track of four lists
for orders and one list for activated route-vehicle pairs. A more detailed step-by-step
explanation of the algorithm is provided in Appendix A.

This methodology aims to decompose the LTLP-C into computationally tractable sub-
problems based on he current planning approach employed by the firm. The
synchronization of orders is maintained at each step and the feasibility of the solution is
preserved. An advantage of this procedure is that the LTLP-C-Subs can be solved in
parallel for each order segment at each planning step.

The solution of the constructive matheuristic provides a feasible transportation plan
for the LTLP-C. In the next phase, we further improve this solution by an improvement

matheuristic.
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Improvement Matheuristic

In the second phase of the matheuristic algorithm, we aim to improve the solution found
in the construction phase by iteratively destroying and repairing parts of the solution by
a tabu search (TS) algorithm implemented within a simulated annealing (SA) framework.
A single destroy operator and three repair operators are developed for the improvement
phase. Each repair operation involves the solution of the LTLP-C model for a subset of
orders and route types. Several parameters are defined for the improvement algorithm. A

list of algorithm parameters and their descriptions are provided in Table 4.1.

Table 4.1. Algorithm Parameters for Improvement Matheuristic.

Parameter Description
Tstart Starting temperature
T Current temperature
CR Cooling rate
Sinit Initial solution obtained from construction matheuristic
Sact Active solution
Shest Best solution obtained so far
S cand Candidate solution
Cg Total cost of solution S
N Maximum number of iterations
Py Set of route-vehicle pairs in the tabu list
Pg Set of route-vehicle pairs of solution S
K Maximum number of iterations for a route-vehicle pair to stay in the
tabu list

We define an acceptance probability function AP(CSmn 2 Cspospr T), which returns the
probability of S.,,,4 being accepted as the next active solution given that the best solution
cost up to that point is Cg, _ and the current temperature is T. We also assume that the
function RAND (0, 1) generates a value in the range [0, 1], uniformly at random.

The overview of the improvement algorithm is given as follows:

Algorithm 4.2. Improvement Matheuristic

1: Initialization: T := T¢qres Sact = Sinit» Spest := Sinit» R :={ }
2: Fori=0through N:
3: If Ps,., S Pr, stop. Report Sy
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4: Else, pick some route-vehicle pair p € Pg__, \ Pr. Determine the set of route-
vehicle pairs to be removed from Pg_ . based on the selected route-vehicle
pair p
5: Destroy S, by removing the selected set of route-vehicle pairs from Ps_,
6: Select a repair operator
7: Apply the selected repair operator to obtain S.;,,4
8: If AP(Cs,,, ,» Cs,.or T) = RAND(0,1):
9: Sact *= Scana
10: Append the set of newly formed route-vehicle pairs by the repair operation
to Py
11: If Cs,,,., < Cs,,..» then Spese := Scana
12: Else:
13: Append the set of route-vehicle pairs removed from S,.; by the destroy
operation to Py
14: T:=T=xCR
15: Update P by removing the route-vehicle pairs that have been in P for K
iterations

16: Report Syes:

We use the acceptance probability function defined by Metropolis et al. [164]. This
function is defined as:

Ap(Cs, ,Cs, ,T)= {e_(cscand_csbe”)ﬁ' if Cseana > Copest (4.34)
Scand’ “Shest’ - cana s )
1, otherwise

The algorithm starts with the initial solution found in the construction phase. The main
idea is to change the active solution iteratively by destroy and repair operations until a
stopping criterion is met. The algorithm stops either when all route-vehicle pairs of the
active solution are in the tabu list or when the iteration limit is reached. In either case, the
best solution found up to that point is reported.

When a candidate solution is obtained by applying destroy and repair operators on the
active solution, the solution is accepted with a probability which is calculated by the
acceptance probability function. If the candidate solution is accepted, it is assigned as the
new active solution. All newly activated route-vehicle pairs during this operation are
added to the tabu list so that they are not ruined for a certain number of iterations. If the
candidate solution is better than the best solution available, it is further assigned as the

best solution. If the candidate solution is not accepted, then the set of route-vehicle pairs
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which are removed from the active solution during the destroy operation are added to the
tabu list, in order not to repeat the same type of destroy operation for a given number of
steps. We update the value of the temperature parameter and the tabu list at the end of
each iteration. If some route-vehicle pairs have been waiting in the tabu list for K
iterations, then they are removed from the tabu list. Next we explain the destroy and repair
operators used in detail.

Destroy Operator: In a typical solution to the LTLP-C, most of the route-vehicle pairs

are dependent on other route-vehicle pairs due to transfers between each other. Therefore,
removing one route-vehicle pair from a solution usually renders the solution infeasible.
The main idea behind the destroy operator is to find a set of route-vehicle pairs such that
no element of the set is dependent on some other route-vehicle pair outside the set. On
the other hand, destroying and repairing a large set of route-vehicle pairs would create a
higher possibility of improving the solution. In the destroy operation, we assign weights
to each route-vehicle pair of the active solution. These weights are given based on the
route-vehicle pair’s dependency and relatedness on other route-vehicle pairs. Any route-
vehicle pair that has a commonly assigned order with a given route-vehicle pair p in a
certain solution is considered to be a dependent route-vehicle pair of p. The set of all
dependent route-vehicle pairs of p is represented by DB,. We further assume that any two
route-vehicle pairs are related to each other if and only if their pickup zones and/or
delivery zones are the same and they are not dependent on each other. If only one zone is
in common, then the route-vehicle pairs are weakly related. If both pickup and delivery
zones are in common, then they are considered to be strongly related. WR,, and SR,
denote the sets of weakly and strongly related route-vehicle pairs of p, respectively. Then

the weight (W},) of a route-vehicle pair p € Ps_, is calculated as:
W, = {a|DPp| + B|SRy| +¥|WR,|,  if p€Ps,, \Pr pEP;,. (4.35)

0, if p€ Py

where a, £ and y are positive real valued algorithm parameters which satisfy a > > y.
These weights are converted into selection probabilities such that the probability of route-

vehicle p to be selected is B, where:
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W,
_ 14
B

= pEPs,, 4.36
2p1epsact VVP1 Sact ( )

The first route-vehicle to be removed from the solution is chosen by the roulette wheel
selection method with respect to the calculated selection probabilities. By assigning a
higher probability to a route-vehicle pair with higher number of dependent and related
route-vehicle pairs, we aim to increase the possibility of destroying a larger portion of the
active solution. We expect this strategy to increase the effectiveness of our improvement
algorithm.

As we remove a route-vehicle pair from the active solution, we remove its dependent
route-vehicle pairs from the active solution recursively. This continues until no route-
vehicle pair in the set of route-vehicle pairs to be removed has a dependent route-vehicle
pair outside the set.

When we remove a route-vehicle pair from a solution, orders carried by the vehicle
associated with that route-vehicle pair become unassigned. Let us denote the set of orders
that become unassigned after a destroy operation by I,;. If the number of elements in 1 is
too low, then the effect of a repair operation would be limited. In order to avoid this, we
define a lower limit on the number of orders to be removed from the solution, which is
represented by O0,,,;,. When |1;| < Opin, We apply the following procedure to increase

the number of elements in 1;:

Algorithm 4.3. Procedure for Increasing the Number of Orders in I,

1: Search the initially unassigned orders of S,.;. If there is any unassigned order that
has the same pickup or delivery zone as the first route-vehicle pair removed from
the solution, append this order to I;. Stop if |I;| = Opin. Otherwise, proceed to
the next step.

2: Form a subset of SR, where p is the first route-vehicle pair removed from the
solution such that only the route-vehicle pairs which are not yet removed from the
active solution are included. If the newly formed set is empty, proceed to the next
step. Otherwise randomly pick a route-vehicle pair from the set. Remove the
selected route-vehicle pair and its subsequent dependent route-vehicle pairs from
the set and the active solution. Append any orders that become unassigned to 1.
Stop if [1;] = O, Otherwise, proceed to the next step.

3: Form a subset of WR,, instead of SR, and apply the same operations as the
previous step. If at any time the newly formed set becomes empty or the stopping
criterion |I;| = 0,,;, holds, terminate the procedure.
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At the end of this process, we obtain the finalized set of orders I;, which serves as the
main input to our repair operators.
Repair Operators: In the repair operation we need to solve the LTLP-C for a subset

of orders, denoted by I;. We address three different repair operators which are named as
Repair-1, Repair-2 and Repair-3, respectively. We define a special parameter, O,
which denotes the maximum size of an order set that can be solved by the exact solution
algorithm proposed for the base problem. When |I;| < 0,4, We apply Repair-1
operator, which solves the LTLP-C model for order set I;. If |I;] > 0,45, We choose
either Repair-2 or Repair-3, in which different types of clustering mechanisms are applied
to reduce the number of orders in a single MILP solution. Repair-2 and Repair-3 are

equally likely to be selected. The three repair operators are defined as follows:

Algorithm 4.4. Repair-1

1: Derive the initial order to route-vehicle pair assignments of the destroyed part of
Sqct- Set these assignments as a starting solution for the LTLP-C.

2: Solve the LTLP-C with the order set I;. Obtain the set of newly activated route-
vehicle pairs (Pg,;,) and a set of unassigned orders I, < I..

3: Append the set of route-vehicle pairs Pg,,, and the set of unassigned orders I,, to
the destroyed solution to get S.;,,4-

An important feature of the Repair-1 operator is that it cannot return a worse solution
than S,., even if the MILP for the LTLP-C is not solved optimally due to the fact that
the destroyed part of the solution is provided to the solver as a starting solution.

The main purpose of the Repair-2 operator is to find a single subset of orders I. < I,
with the size of 0,,,, and solve the LTLP-C for orders in I.. Afterwards, the matheuristic
construction algorithm is executed for the unassigned orders obtained from the MILP
solution and the orders of I; which are not included in subset I.. This procedure is

explained in Algorithm 4.5.

Algorithm 4.5. Repair-2

1: Find a subset of orders I, < I; where |I.| = Opqx-

2. Apply the matheuristic construction algorithm for I.. Set the solution of the
construction algorithm as a starting solution for the LTLP-C.

3: Solve the LTLP-C with the order set /.. Obtain the set of newly activated route-
vehicle pairs (Pg,,,) and a set of unassigned orders I,,, < I..
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4:  Apply the matheuristic construction algorithm for (I \ I.) U I,,,. Obtain the set of
newly activated route-vehicle pairs (Rg.p,) and a set of unassigned orders I,,, S

((Id \ Ic) U Iul)
5: Append the sets of route-vehicle pairs Rg,,, and Rg,,,, and the set of unassigned
orders I,,, to the destroyed solution to get S¢g,4-

We form the subset of orders (I,.) with a randomized selection mechanism which aims
to bring highly related orders together in order to increase consolidation opportunities. To
do this, we define an order relatedness indicator, OR; ;, between orders i, and i,. Orders
i; and i, are considered to be not related if the sum of order sizes (S;, + S;,) is greater
than the capacity of the largest vehicle. In this case, these two orders cannot be

consolidated, and we assume that OR; ;, = 0. Otherwise, we address two other

indicators, PR; ;, and DR;

ipip

Assume that the distance between two locations, I, and [, is denoted by H,_;,. I{ and
ll.CP denotes the pickup location of order i and the cross-docking location in the pickup

zone of order i, respectively. Similarly, [P and lfD stand for the delivery location of order
i and the cross-docking location in the delivery zone of order i, respectively. PR; ;, and

DR; ; are defined as follows:

L1l

PR, ;, = mln{Hlolo +H0 lcp,Hlolo +H0 [Cp }/max{ 0,Cp lole} (4.37)
21 L 11 Lt i1 2y

11712 l

DR; ;, = 2P

= mm{chDZD + Hp P H chD + Hppp }/max{H chD ,H CDLD } (4.38)

These indicators show how consolidating the two orders change the distance of the
direct collection or last-mile delivery route of the order which has the farther pickup
location from the cross-docking in the pickup zone or the farther delivery location from
the cross-docking location in the delivery zone. Eventually, OR; ;, is calculated as

follows:

Algorithm 4.6. Calculation of OR;

i1l

1: 0Ri1i2 =0
2: IS, + S, is less than or equal to the capacity of the largest vehicle:

3: If the pickup locations of orders i; and i, are in the same zone:
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4: 0Ri1i2 = 0Ri1i2 + O'S/PRi1i2
5: If the delivery locations of orders i; and i, are in the same zone:
6: ORiliz = ORiliz + O'S/DRiliz

This procedure produces a relatedness score OR; ;. in the range [0,1]. The total

1i2
relatedness of order i, to a set of orders I, is represented by CR; , where:
CRivte = Z Oy (4.39)

i1#iy

The subset 1. is formed via Algorithm 4.7.

Algorithm 4.7. Formation of Order Set I,.
10 L= {}

2: Apply roulette wheel selection to pick the first order to be inserted to I, with
probabilities CR; ;,/X.i,e1, CRi,,1, fOr iy € 1.
3: Append the selected order to I, remove the selected order from I;.

4: While |1, | < Opgx -

5: Apply roulette wheel selection to pick the next order to be inserted to I, with
probabilities CR; ; /X.i,er,\1, CRi, . fOr iy € Ig\ I

6: Append the selected order to I,

For the Repair-3 operator, we define a new limit on the size of the order set to be
solved by the MILP for LTLP-C. This value is denoted by 0,,,.>, Which satisfies
Omax2 > Omax- The idea of this operator is to cluster the set of orders I, into n distinct

subsets such that each cluster is denoted by I, through I , where |Ick| < Opaxz fork =

1,..,n. The number of clusters, n is calculated as n = [M] Then, the MILP is solved

Omaxz

with a restricted set of route types for each cluster. Route types that contain more than
one cross-docking stops are not provided to the model. At the end we solve the
matheuristic construction algorithm for the union of the sets of unassigned orders for each
cluster (I,,, through I,, ). The steps of the Repair-3 operator are given in Algorithm 4.8.

Algorithm 4.8. Repair-3

1: Cluster orders and obtain n mutually exclusive and collectively exhaustive subsets
of I, which are denoted by I, where |I.,| < Omqx, for k =1,..,7.
2: For k = 1 through n:
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3: Solve matheuristic construction algorithm for I, . Set the solution of the
construction algorithm as a starting solution for LTLP-C.
4: Solve the LTLP-C with the order set I., and route types 1, 2, 3, and 4. Obtain

the set of newly activated route-vehicle pairs (Pg,,,) and a set of unassigned
orders I, < I, .

5. Apply matheuristic construction algorithm for Uj_, I,,, . Obtain the set of newly
activated route-vehicle pairs (Pgep,,,) and a set of unassigned orders I,, , <
U;cl=1 Iuk

6: Append the sets of route-vehicle pairs Pg., through Pg., .. and the set of
unassigned orders I,, ., to the destroyed solution to get S.qpq-

For finding order clusters I., through I, , we make use of the same order relatedness
indicators defined for Repair-2 operator. We define an inverse relatedness score IR;, ;.
between order i and order set I, such that IR; , = 1/CR; , . Moreover the average
relatedness score of I, for order i is denoted by AR;, , where AR; ; = CR; ; /||

The resulting clustering algorithm is given as follows:

Algorithm 4.9. Randomized Order Clustering

11, {1, €{} ... I, €{}

2: Randomly pick an order from I, and append it to /.

3: For k = 2 through n:

4: Apply roulette wheel selection to pick the order from the set I, to be inserted
to I, with probabilities IRil,uﬂ-‘;}ch/ZizGId IRil,Ui_cz_lllcj fori, € 1.

5: Append the selected order to I, , remove the selected order from I;.

6: While |I;] > 0:

7: Randomly pick an order i and remove it from I.

8: Apply roulette wheel selection to select a cluster for order i to be inserted with
probabilities ARl-,,Ck/Z j=1.n ARip fork =1,..,nand |l | < Omaxz-

|ch|<0max2
9: Append order i to the selected cluster.

In this section we described the details of our 2-phase matheuristic algorithm which
addresses the LTLP-C. The next section demonstrates the results of our computational
experiments on instances generated using the real order data of the 3PL company.
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4.2.3 Computational Experiments for the LTLP-C

In this computational study, compare the results of our matheuristic approach against
exact MILP solutions for instances with different types and sizes.

We developed 10 types of instances. Each instance type is defined in terms of the
number of zones and the number of possible pickup and delivery locations at each zone.
For 9 of the instance types, orders are randomly generated by selecting a pickup and
delivery location from the sets of possible pickup and delivery locations, respectively.
Order sizes are obtained by random sampling from 3PL companies’ real order database.
Instances of the final type consist of a randomly selected subset of the 3PL company’s

daily orders. The description of instance types is provided in Figure 4.2.

Instance

Description Example Instan
Type escriptio xample Instance

rrrrrrrrrr

Single zone, 3 possible pickup
1Z-3L | locations and 3 possible
delivery locations

5 zones, 3 possible pickup
locations and 3 possible
delivery locations at each
zone

5Z-3L
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10 zones, 3 possible pickup
locations and 3 possible

10z-3L delivery locations at each
zone
20 zones, 3 possible pickup
20Z-3L. locations and 3 possible

delivery locations at each
zone

Single zone, 10 possible
1Z-10L | pickup locations and 10
possible delivery locations

5 zones, 10 possible pickup
locations and 10 possible
delivery locations at each
zone

] ||t f\,» ‘®
5Z-10L : ‘.»,':‘g‘;V!ﬂ&\\\\_‘,,}‘:‘

......
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10 zones, 10 possible pickup
locations and 10 possible

10Z-10L delivery locations at each 4 o'
zone
20 zones, 10 possible pickup
207-10L |OC?.tI0nS and _10 possible
delivery locations at each
zone
20 zones, all 957 locations in
20Z= 1 e network are possible
ALL P

pickup and delivery locations

20Z- 20 zones, randomly selected
SUB subset of real orders

Figure 4.2. Sample Illustration of Test Instances.

In the example instance illustration, the green and red colored pins represent the
pickup and delivery locations of the orders, respectively. Each blue line represents an
order.

We assume that there exist two types of vehicles in terms of their physical attributes.
All costs are proportionally altered from their original values. We use a distance matrix
of real driving distances. Due dates for deliveries are assumed to be 96 hours for all orders.
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Values of the rest of the common parameters that we use in both types of experiments are
tabulated in Appendix B.

We generate 12 instances for each instance type, where the number of orders in each
instance ranges from 10 to 500. Each instance is labelled as the name of the instance type,
followed by the number of orders in the instance. For example, the instance of type 5Z-
10L with 100 orders is named as 5Z-10L-100. For each instance type, instances grow
cumulatively, that is, new orders are added to the existing set of orders to obtain larger
instances.

The MILP for LTLP-C is solved with a time limit of 3 hours (10,800 seconds) using
CPLEX 12.8. The LTLP-C-Subs within the construction matheuristic and the other MILP
models within the improvement matheuristic are solved with a time limit of 10 minutes
(600 seconds). The values of all matheuristic parameters are provided in Appendix C. All
experiments were run on a 24-core workstation with 2.40 GHz processors and 128 GB
RAM. Table 4.2 provides a description of the notation used in the results table. The results

of the experiments are tabulated in Table 4.3.

Table 4.2. Description of Result Parameters.

Parameter Description

CuiLp MILP solution cost

GAP . p MILP GAP

Chu Matheuristic initial solution cost

Chu Matheuristic final solution cost

%A Percentage cost difference (Matheuristic - MILP Solution Cost)
Tyip MILP solution time

Y Matheuristic initial solution time (seconds)

Tiotal Matheuristic total solution time (seconds)
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Table 4.3. Comparison of MILP and Matheuristic Approaches for LTLP-C.

Instance  Cyyp GAPyLp Chy Chy YA; Typp TiHE TR
1Z-3L-10 4477.18 0.0% 4477.18 4477.18 0.0% 1.75 0.24 0.37
1Z-3L-15 5595.26 0.0% 5663.40 5663.40 1.2% 7.98 0.23 0.75
1Z-3L-20 7976.99 0.0% 8905.48 8569.68 7.4% 24.58 0.37 1.88
1Z-3L-25 9725.94 0.0% 9917.43 9917.43 2.0% 107.92 0.53 1.46
1Z-3L-35 12610.17 0.0% 12917.73 12917.73 2.4% 394.76 1.36 3.82
1Z-3L-50 13238.82 0.0% 13238.82 13238.82 0.0% 4020.29 6.45 12.47
1Z-3L-75 18894.88 4.8% 20887.79 20887.79 10.5%  10808.55 85.83 92.97
17-3L-100 1024056.00 99.7% 28689.42 28689.42  -97.2%  10801.56 116.69 122.88
1Z-3L-200 - - 43008.20 42996.16 - - 605.34 611.16
1Z-3L-300 - - 61684.05 61682.59 = - 611.12 616.64
1Z-3L-400 - - 83030.87 82040.30 - - 622.52 628.62
1Z-3L-500 = - 250648.21 154041.34 - - 2620.38 3980.42
5Z-3L-10 19523.14 0.0% 19561.50 19523.14 0.0% 14.21 0.82 2.61
5Z-3L-15 28161.32 0.0% 28333.68 28161.32 0.0% 72.47 1.15 4.03
5Z-3L-20 33573.64 0.0% 34318.69 33816.40 0.7% 268.15 131 15.50
5Z-3L-25 40906.17 0.0% 42092.61 41340.27 1.1% 1332.32 1.48 271.17
5Z-3L-35 44433.61 3.8% 46892.17 46850.25 54%  10816.17 1.88 320.78
5Z-3L-50 474272.00 95.1% 66159.96 61693.75  -87.0%  10815.62 2.12 1637.44
5Z-3L-75 - - 86279.76 84518.27 - - 2.65 2334.45
5Z-3L-100 - - 111450.75 105489.48 - - 2.84 4026.80
5Z-3L-200 - - 189775.58 181188.98 - - 6.55 6507.87
5Z-3L-300 - - 264611.79 261331.30 - - 94.93 6546.94
5Z-3L-400 - - 351462.40 345692.65 - - 1639.64 7712.89
5Z-3L-500 - - 447411.51 438194.81 - - 3897.89 8011.71
10Z-3L-10 22462.32 0.0% 22824.26 22467.15 0.0% 476 0.96 1.48
10Z-3L-15 30760.94 0.0% 31449.53 30760.94 0.0% 26.53 1.30 6.11
10Z-3L-20 42790.62 0.0% 43479.21 42790.62 0.0% 79.71 1.65 15.58
10Z-3L-25 55225.03 0.0% 57906.39 55225.03 0.0% 419.21 2.04 144.30
10Z-3L-35 73374.07 0.0% 76863.38 73491.70 0.2% 1130.04 243 344.57
10Z-3L-50 107674.68 0.0% 111951.35 111951.35 4.0% 4568.25 5.27 432.27
10Z-3L-75 144387.65 15.9% 148875.95 146771.66 1.7%  10865.15 4.52 1754.09
10Z-3L-100 - - 193628.98 193628.98 - - 6.88 2330.12
10Z-3L-200 - - 343898.43 343898.43 - - 15.38 3434.69
10Z-3L-300 - - 440722.42 440722.42 - - 65.39 3546.65
10Z-3L-400 - - 537813.69 537813.69 - - 684.57 4552.55
10Z-3L-500 - - 624233.82 624233.82 - - 795.45 5394.98
20Z-3L-10 26836.10 0.0% 26836.10 26836.10 0.0% 7.07 0.96 1.64
20Z-3L-15 43859.34 0.0% 43859.34 43859.34 0.0% 13.69 1.46 2.59
20Z-3L-20 57355.39 0.0% 57355.39 57355.39 0.0% 28.46 2.17 4.55
20Z-3L-25 70148.02 0.0% 70148.02 70148.02 0.0% 36.00 2.27 4.81
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20Z-3L-35 99130.54 0.0% 99130.54 99130.54 0.0% 102.71 3.42 7.47
20Z-3L-50 139720.32 0.0% 139720.32 139720.32 0.0% 377.13 4.69 52.26
20Z-3L-75 191202.85 0.0% 193239.92 191605.29 0.2% 2383.33 6.61 103.31
20Z-3L-100 252035.42 0.0% 254923.87 254708.36 1.1% 8396.02 7.80 117.96
20Z-3L-200 > > 513362.20 513362.20 = - 20.72 212.08
20Z-3L-300 - - 731196.47 731196.47 - - 59.76 519.02
20Z-3L-400 > > 947007.82 947007.82 = = 303.12 1554.73
20Z-3L-500 - - 1105197.17 1105197.17 - - 806.96 5496.77
1Z-10L-10 6474.62 0.0% 6474.62 6474.62 0.0% 7.15 0.25 0.79
17-10L-15 8087.50 0.0% 8087.50 8087.50 0.0% 41.07 0.86 17.23
1Z-10L-20 9347.63 0.0% 9347.63 9347.63 0.0% 134.51 0.55 23.42
1Z-10L-25 9562.27 0.0% 9562.27 9562.27 0.0% 677.14 0.51 14.38
17-10L-35 11211.89 0.0% 11304.67 11213.86 0.0% 5885.30 1.02 134.66
1Z-10L-50 20950.81 17.8% 18824.09 18824.09 -10.2%  10810.98 8.74 277.37
1Z-10L-75 > > 25944.56 25937.10 = = 7.98 660.80
17-10L-100 - - 31383.89 31383.89 = - 50.54 1157.57
1Z-10L-200 > > 56256.43 55846.08 = = 617.08 1863.10
17-10L-300 Z > 95439.09 93174.89 c - 665.85 1974.02
1Z-10L-400 > > 3835540.00 3835540.00 = - 6779.72 6779.72
1Z-10L-500 - - 4786531.00 4786531.00 - - 2021111 20211.11
5Z-10L-10 20374.27 0.0% 21072.02 20374.27 0.0% 13.31 0.68 241
57-10L-15 29351.62 0.0% 29445.44 29351.62 0.0% 74.62 0.98 721
5Z-10L-20 38544.91 0.0% 40602.09 38625.72 0.2% 345.16 1.24 13.93
5Z-10L-25 44202.40 0.0% 47431.14 44202.40 0.0% 5616.14 1.37 76.60
5Z7-10L-35 67787.54 3.1% 72484.74 70564.82 4.1%  10817.51 1.90 821.08
5Z-10L-50 505914.00 100.0% 96982.23 93902.64  -81.4%  10914.60 2.10 1367.52
5Z-10L-75 - - 128372.02 122511.39 = = 3.37 1933.67
57-10L-100 - - 167771.22 156430.75 - - 8.22 2795.24
5Z-10L-200 - - 289992.31 289992.31 = = 32.23 5156.12
5Z-10L-300 - - 407686.84 407686.84 - - 61.32 8032.95
57-10L-400 s s 513016.23 513016.23 = - 323.74 9791.65
5Z-10L-500 - - 587721.23 586329.34 - - 500.74 10813.51
10Z-10L-10 28879.10 0.0% 28879.10 28879.10 0.0% 1.65 0.87 1.20
10Z-10L-15 41692.93 0.0% 42031.27 41722.27 0.1% 14.47 1.35 3.18
10Z-10L-20 55120.07 0.0% 55458.41 55149.41 0.1% 31.96 1.66 7.28
10Z-10L-25 63776.76 0.0% 64115.10 63806.10 0.0% 47.95 1.92 9.42
10Z-10L-35 88957.85 0.0% 88962.28 88962.28 0.0% 251.78 2.34 49.83
10Z-10L-50 123247.11 0.0% 123990.71 123747.07 0.4% 804.23 3.20 69.68
10Z-10L-75 169151.73 0.9% 173159.74 170526.29 0.8%  10834.44 4.47 172.52
10Z-10L-100 - - 216459.53 215293.31 - - 6.16 1154.91
10Z-10L-200 - - 387941.56 387941.56 = = 13.20 4813.68
10Z-10L-300 - - 561510.30 561510.30 - - 21.05 4932.95

10Z-10L-400 s s 684757.88 684757.88 - - 43.17 9433.98
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10Z-10L-500 - - 810394.44 810394.44 - - 94.07 17691.87
20Z-10L-10 28553.73 0.0% 28553.73 28553.73 0.0% 1.30 1.04 1.27
20Z-10L-15 43953.39 0.0% 43953.39 43953.39 0.0% 6.87 1.48 217
20Z-10L-20 57467.54 0.0% 57919.55 57467.54 0.0% 22.97 1.70 3.36
20Z-10L-25 74052.98 0.0% 78505.00 74052.98 0.0% 37.25 2.44 5.53
20Z-10L-35 101857.66 0.0% 107488.52 101857.66 0.0% 213.92 291 36.48
20Z-10L-50 155447.46 0.0% 160844.88 155447.46 0.0% 312.76 441 44.02
20Z-10L-75 217213.66 0.0% 224052.91 218179.44 0.4% 6785.98 5.67 84.80
20Z-10L-100 285656.63 2.9% 297196.77 291697.89 2.1% 10819.97 8.06 262.04
20Z-10L-200 = = 587513.78 587513.78 ® - 16.10 1638.56
20Z-10L-300 - - 814799.56 814799.56 - - 29.12 2002.08
20Z-10L-400 = = 1041519.29 1041519.29 ® - 50.53 2044.45
20Z-10L-500 - - 1227345.49 1227345.49 = - 84.98 7214.94
20Z-ALL-10 34097.78 0.0% 39769.06 34097.78 0.0% 1.26 1.00 1.26
20Z-ALL-15 49705.93 0.0% 54887.75 49705.93 0.0% 12.51 1.35 261
20Z-ALL-20 76455.57 0.0% 81675.71 76455.57 0.0% 18.13 1.82 3.85
20Z-ALL-25 90270.61 0.0% 95490.75 90270.61 0.0% 31.78 2.18 6.23
20Z-ALL-35 116130.38 0.0% 126294.43 116130.38 0.0% 65.14 2.87 7.49
20Z-ALL-50 157160.32 0.0% 171078.04 160961.69 2.4% 306.35 4.01 36.04
20Z-ALL-75 236040.16 0.0% 246554.58 236367.28 0.1% 2203.79 5.59 51.35
20Z-ALL-100 321296.75 0.0% 325933.05 323392.09 0.7% 7203.97 6.45 143.53
20Z-ALL-200 - - 600954.12 588119.79 - - 15.29 372.43
20Z-ALL-300 - - 853606.56 850969.13 - - 271.75 715.10
20Z-ALL-400 - - 1102998.35 1102998.35 - - 63.36 2864.05
20Z-ALL-500 - - 1288646.34 1288646.34 - - 91.35 6307.88
20Z-SUB-10 27147.53 0.0% 27147.53 27147.53 0.0% 5.26 1.09 1.59
20Z-SUB-15 42887.66 0.0% 43202.13 42887.66 0.0% 67.48 1.49 3.15
20Z-SUB-20 46808.78 0.0% 47123.26 47123.26 0.7% 170.04 1.70 5.46
20Z-SUB-25 53496.80 0.0% 55339.69 54413.54 1.7% 1112.96 194 32.74
20Z-SUB-35 81356.61 6.3% 82045.95 81458.00 0.1%  10805.81 2.67 36.28
20Z-SUB-50 515287.00 85.1% 111532.53 109489.72  -78.8%  10809.63 3.77 125.99
20Z-SUB-75 - - 153409.59 149555.59 - - 5.61 773.09
20Z-SUB-100 - - 200509.95 199842.96 - - 11.06 2322.13
20Z-SUB-200 - - 336410.76 336410.76 - - 42.15 4648.85
20Z-SUB-300 - - 481141.21 481141.21 - - 226.95 4907.34
20Z-SUB-400 - - 629431.93 629431.93 - - 775.27 8675.51
20Z-SUB-500 - - 782520.32 782520.32 - - 2276.44 16796.57

The results chow that an optimum solution is found in 58 instances out of 120 by the

exact MILP approach within the given time limit. In addition, 6 of the instances are solved
with a gap below 10%. Instances 10Z-3L-75 and 1Z-10L-50 are solved with optimality

gaps of 15.9% and 17.8%, respectively. However, in 4 instances, feasible solutions are
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reported with a gap above 80%. In these cases, the solver produced a solution where all
orders are unfulfilled. For the rest of the instances, either a feasible solution was not
found, or the problem could not be generated by the solver due to an out-of-memory error.

The matheuristic algorithm is able to find the optimum solution in 38 out of the 58
instances where the optimum solution is available. In the remaining 20 instances, the
average percentage difference between the matheuristic final solution cost and the
optimum solution cost is found as 1.4%. For the 6 instances where the optimality gap is
below 10%, the average percentage difference between the matheuristic final solution
cost and the best integer feasible solution reported by the solver is 3.9%. The matheuristic
solution costs are 1.4% higher and 10.2% lower than the best integer solution costs for
instances 10Z-3L-75 and 1Z-10L-50, respectively.

We can easily conclude that the matheuristic performs significantly better than the
exact MILP in terms of solution time. Moreover, it is able to find feasible solutions for
large instances where the MILP fails to do so. Exceptions are instances 1Z-10L-400 and
1Z-10L-500, for which the matheuristic does not assign any orders to route-vehicle pairs
since the LTLP-C-Subs become too difficult due to the high number of orders per sub-
problem inasingle zone. A similar difficulty is encountered in instance 1Z-3L-500, where
the average optimality gap of LTLP-C-Subs solved is 89%. On the other hand, in this
specific case, the solution cost is reduced significantly in the improvement phase.

Overall, the results indicate that the matheuristic algorithm can produce high quality
solutions in significantly lower computation times compared to the exact solution
approach.

Figure 4.3 shows how the solution cost found by the matheuristic algorithm for
different instance types changes as the instances get larger. We exclude instances 1Z-
10L-400 and 1Z-10L-500 from this comparison.
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Figure 4.3. Matheuristic Final Solution Cost with Respect to Instance Size.

As expected, the total solution cost is lower when the number of zones in the problem
network, and the number of possible pickup and delivery locations within the zones are
low. Instance type 20Z-SUB has a moderate cost compared to other instance types. This
is a special case where certain zones are significantly more congested than others. In this
sense, it is a good representation of the actual operations of the 3PL company.

Comparing the results of the initial solution cost of the matheuristic, which is obtained
through the matheuristic construction algorithm against the final solution cost achieved
after the improvement phase, we deduce that the improvement matheuristic reduces the
cost of the initial solution by 1.8%, on average. On the other hand, the solution time
increases drastically when the improvement matheuristic is applied. Therefore, the
solutions delivered by the constructive matheuristic algorithm can be acceptable in the
case where the allotted time for solving the problem is limited.

The number of LTL orders in the system of the 3PL carrier may reach up to 1,500 on
a daily basis, and the company wants to obtain planning results in two hours for the LTL
process. Although the solution approach we presented for LTLP-C can be used in practice
for small-size carriers to solve instances below 400 orders, an alternative strategy is

required for implementing our algorithms for the specific 3PL company. When the results
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of LTLP-C was analyzed with the relevant parties at the firm, it was realized that several
simplifying assumptions could be done to not only reduce the problem complexity, but
also increase the compliance with the practical considerations that are taken into account
in the existing system. After conducting a second analysis, we have altered the scope of
LTLP and defined a second version of the problem. The next section addresses this new

version of LTLP with a new problem definition and solution approach.

4.3 The Less-than Truckload Planning Problem with Discrete Planning Horizon and

Multi-period Considerations

In this section, we focus on the new version of LTLP, which we name as the LTLP with
Discrete Planning Horizon and Multi-period Considerations (LTLP-DM). LTLP-DM
differs from LTLP-C in several aspects.

The first main point where LTLP-DM diverges from LTLP-C is the structure of the
planning horizon. LTLP-C assumes a continuous planning horizon, which may seem to
be a more realistic representation of the actual system. However, it has been observed that
the actual operations often deviate from the planned operations in terms of temporal
projections due to unexpected events (e.g. delays) in the system. Therefore, accurately
modelling temporal parameters and constraints such as travel times, loading / unloading
times and synchronization requirements does not necessarily lead to better results in
practice. In LTLP-DM, we switch to a discrete-time concept where all durations are
represented in “days”. LTL process involves both long-haul and short haul operations.
We assume that intra-zone routes and some short-haul inter-zone routes with a distance
below a predefined limit are completed on the same day. For long-haul routes, the travel
duration in days is defined based on the distance of the route. We use the current method
utilized by the planners to convert route distance to route duration.

Since new orders are received every day, planning for multiple days does not create a
crucial advantage as plans will be refreshed on a daily basis. While we define LTLP-DM
as a daily planning problem for this particular reason, we also take into account the impact
of our decisions in the following days and incorporate the future considerations into our

model.
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Another important observation is that any item that is shipped to a cross-dock terminal
is dispatched to its new route at least one they after its arrival at the transfer facility.
Therefore, if an order will be transported to its final destination through multiple
shipments, the future shipments of it does not necessarily need to be planned at the
beginning. Since we produce transportation plans each day, we can make the simplifying
assumption that an order can be assigned to at most one route-vehicle pair, which also
lifts the synchronization requirements at the cross-dock terminals for the daily problem.

Although LTLP-C features hard deadlines, our new analysis has shown that late
deliveries can be tolerated to some degree. We convert the hard deadlines to soft due
dates, and our motivation is to keep the percentage of late deliveries below 2% in general.

Two matheuristic approaches are proposed for solving LTLP-DM. In the first method,
called the Decentralized Heuristic (DH), we adopt the philosophy of the existing planning
approach but optimize the related decisions in order to have a benchmark environment to
test the performance of the new centralized solution methodology. We implement an
algorithm that establishes a decomposition-based framework which solves a series of sub-
problems, each representing an actual problem faced by the individual dispatchers of the
3PL firm on a daily basis. By following the existing planning approach and yet optimizing
it according to the practical implications, not only we provide an automated methodology,
but also we find a lower bound on the solution total cost that can be achieved without
changing the planning strategy.

The Centralized Heuristic (CH) adds a certain degree of centralization to the solution
approach, while aiming not to deviate from the current practice significantly and creates
more consolidation opportunities without violating the practical requirements of the
company. Both heuristics are decomposition-based methods that partition LTLP-DM into
solvable sub-problems (LTLP-DM-Subs). We develop an integer programming (ILP)
model associated with each LTLP-DM-Sub. A column generation-based heuristic is
executed for LTLP-DM-Subs that cannot be solved optimally within a specified time
limit. We test both approaches by using the real data of the 3PL company.

4.3.1 Problem Definition

We address a pickup and delivery problem with soft due dates and multi-echelon cross-

docking opportunities in a multi-period environment. Our objective is to minimize the



Chapter 4: The Less-than Truckload Planning Problem 72

total freight cost while keeping the rate of late deliveries as low as possible in the long
run. LTLP-DM aims to produce daily route plans and make order fulfillment decisions
by considering penalties for decisions that may render future plans inefficient.

Optimizing the daily LTL transportation operations does not guarantee that the system
is optimized in the long-term, since the firm has the flexibility to transfer transportation
orders to the subsequent days. We develop a multi-day simulation framework which
solves planning problems day by day over a long period by simultaneously producing
daily transportation plans and deciding on which orders to be passed on to the next day.
The overall quality of any solution methodology can be evaluated based on the total
freight cost and on-time delivery performance achieved in the long-run by running the
simulation.

The flow of orders in a multi-day planning environment is illustrated in Figure 4.4.
For any day n, the set of newly received orders is denoted by N™. The set of orders which
are not assigned to any route-vehicle pair on day n is represented by U™. Note that these
orders are transferred to day n + 1. Any order that is assigned to a route-vehicle pair that
will ship it to its final destination leaves the system. However, if an order is shipped to a
cross-dock terminal, it will require at least one more transport in the future. Such orders
are assumed to be ready for their next shipment after a lead time of ¢ days, where t is an
approximation of the sum of the travel time from the pickup terminal to the corresponding
cross-dock terminal and the unloading time. T™™*¢ is the set of orders inherited from the
orders planned on day n, which are assigned to some route-vehicle pair, will be unloaded
at cross-dock terminals and become available for their next shipment after t days. In the
specific problem we address, t € {1, 2,3} and its value is estimated for each order based
on the distance between its pickup location and the cross-dock terminal it will be

delivered to.
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Figure 4.4. Order Flow in Multi-day Planning.

Since the planning is done on a daily basis, we need to explicitly define the LTLP-
DM, which is going to be solved daily and propose a solution approach that aims to
minimize the total freight cost in the long term. Next, we present a mathematical
programming formulation for the LTLP-DM. We use a similar notation to the one used
in LTL-C in the ILP model.

In the LTLP-DM, the set of all orders that can be planned on that day is denoted by 1.
All admissible routes that can be used with the given set of orders is enumerated using
the algorithm presented in Section 4.1. The routes are matched with each vehicle type and
route-vehicle type pairs are obtained. Each pair is duplicated based on the total potential
volume that can be carried along the route associated with it and the vehicle capacity.
This establishes the set of route-vehicle pairs P, where each p € P refers to the
combination of a certain route and an individual vehicle of a certain type. Route-vehicle
pair p has freight cost C;; and the capacity of the vehicle associated with it is denoted by
Q,- Recall that some route types may require a minimum vehicle capacity utilization so
that they can be used in the transportation plan. The minimum capacity utilization for
route-vehicle pair P is represented by M, in the formulation of the LTLP-DM. The size
of any order i € I is shown by S;. We define a hypothetical cost of not assigning an order
i to any route-vehicle pair and denote it by C. The binary parameter O, has the value
of one, if order i can be assigned to route-vehicle pair p, and zero, otherwise. Note that
an order can be assigned to a route-vehicle pair if the order’s pickup location and delivery

location (or a proper cross-dock terminal) is visited along the route associated with the
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route-vehicle pair. If the order is going to be shipped to a cross-dock terminal, we know
that there will be at least one extra shipment in the following days for delivering it to its
final destination. In order to account for this, we define an artificial cost for orders-to-be-
transferred, denoted by Cig for order i and route-vehicle pair p. Cg, is equal to zero if
order i is shipped to its final destination by route-vehicle pair p, and it has a positive
value, otherwise. The binary variable y, takes the value of one, if route-vehicle pair p is
used in the daily transportation plan. If order i is assigned to route-vehicle pair p, the
value of the binary variable x;, will be set to one. In the case where order i is unassigned,
the binary variable u; will take the value of one. The integer linear programming (ILP)

model associated with LTLP-DM is provided as follows:

cF +ZC-Uu-+Z Z CT x;
Minimize ; »p t b (4.39)

i€l i€l DEP
in=1
subject to
Xipp, +Uu; =1
; v i€l (4.40)
in=1
Sixyy <
Z Fip = Cpp pep (4.41)
1€l
in=1
Sixi, = M
; Hip = Mp QoY pEP (4.42)
in=1
Xip € {0,1} IELPEPOy=1 (4.43)
u; € {0,1} iel (4.44)
Yp € {0,1} pEP (4.45)

The objective function of LTLP-DM consists of the total freight cost, cost of
unassigned orders and cost of orders-to-be-transferred. Constraint (4.40) ensures that an
order is either assigned to one route-vehicle pair, or it is unassigned. Constraint (4.41)
guarantees that the total size of orders assigned to a route-vehicle pair cannot exceed the

capacity of the vehicle linked with it. A route-vehicle pair can be used only if the
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minimum capacity utilization can be attained. This is ensured via constraint (4.42). The
domains of the decision variables are established by constraints (4.43), (4.44) and (4.45).

As we did LTLP-C model, we introduce symmetry breaking constraints to LTLP-DM
in a similar fashion. We assign indices to route-vehicle pairs from 1 to |P| and we define
a binary parameter Y, .,, which is equal to one if route-vehicle pairs p; and p, have the
same route, their vehicle types are the same and index of p, is smaller than that of p,, and
=1.

zero, otherwise. Then we have the constraint y,, = y,, (7) where Y;, .,

The choice of unassigned order cost (C/) and cost of order-to-be-transferred (Cif,) in
the LTLP-DM is very important for the quality of solutions in the long term. The
unassigned order cost, C is modeled as a function of: i) Cfm“", defined as the maximum
freight cost (including cross-docking) for shipping order i to its final destination, ii) D;,
namely, the number of days until the latest departure date for order i, and iii) S;, that is,
the size of order i. Q™% stands for the capacity of the largest vehicle. The weight of the

cost is controlled by the parameter 1,,. Equation (4.46) illustrates the computation of C".

S:
cl =2y x ¢fmax x 1+ —‘) (4.46)

(Dil+ D~ ( Qe

¢! is inversely proportional with the number of days until the latest departure, which
means that the cost increases as the due date for delivery gets closer. There is no hard
constraint in LTLP-DM for ensuring that each order is delivered before its due date.
However, one can easily impose this by setting 1, to a high value.

The cost associated with an order-to-be-transferred (Cl{,) should represent the
marginal cost that may incur due to the subsequent shipments of order i. When order i is
unloaded at a cross-dock terminal, we assume that a new order i’ is created. The origin of

i" is the cross-dock terminal to which order i is shipped by route-vehicle pair p, whereas

its destination is the same as that of order i. ﬁm‘“‘ denotes the maximum freight cost for
shipping order i’ to its final destination. Ciﬁ, is defined as a function of lem“" and order

size (S;), where A is a weight parameter used to adjust the value of CE;,.

Y
Ch = Ap x Cjm* X (1 +— ) (4.47)

Qmax
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In the next section, we propose two decomposition-based heuristic approaches for
solving the LTLP-DM.

4.3.2 Heuristics for Solving the LTLP-DM

One of the main concerns of this study is to develop a fast solution approach for
LTLP-DM so that applicable and high quality solutions are found for practical instances
within a reasonable amount of time. We can see that constructing the ILP for LTLP-DM
and solving it exactly would require a substantial computation time based on our
experiments with small-sized instances. Therefore, we focus on heuristic solution
methods to generate daily LTL transportation plans quickly. The first approach we
consider is an imitation of the current decentralized way of planning, in which we aim to
solve the planning problems faced by the dispatchers of the 3PL firm separately. The
results obtained by this method will serve a benchmark given that the current
decentralized planning approach does not change. Afterwards, we propose a methodology
to solve the problem by adding a certain degree of centralization to the matheuristic. We
demonstrate the potential improvement in the LTL transportation costs by transitioning
to a centralized planning approach, together with the benefits of optimization, in our

simulation results.

Decentralized Heuristic

The Decentralized Heuristic (DH) is designed to solve LTLP-DM by decomposing it into
tractable parts such that each sub-problem represents the actual daily planning task of a
dispatcher working for the 3PL company. Any sub-problem of LTLP-DM, which is
referred to as LTLP-DM-Sub, has the same structure as that of LTLP-DM, but is solved
for a subset of orders to be planned on a specific day. DH embodies the current way of
sharing information between dispatchers located at pickup depots and cross-dock
terminals. Hence, it aims to solve LTLP-DM through a similar approach to the existing
operations planning strategy of the firm. The notation related with DH and steps of the
algorithm are provided as follows.

On any day n, we are given a set of orders (I) to be planned, which consists of the

newly arrived orders (N™), unassigned orders from the previous day (U™"1), and orders
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associated with the items unloaded at the cross-dock terminals before and ready to be
shipped (U}Z;_3T/™). L7, LP and L€ denote the set of pickup locations, delivery
locations and cross-dock terminals, while L stands for the set of all locations in the
network (L = LF U LP U L®). Each location belongs to a certain zone. The set of all
locations in zone z € Z is represented by L,, where L, = LP U L2 U L¢ and the set of
pickup locations, delivery locations and cross-dock terminals in zone z are shown by L,
L2 and LS, respectively. In the current network structure of the 3PL company, each zone
accommodates a single cross-dock facility. Therefore, |L{| =1 for z € Z. Isf?1 cl
represents the subset of orders whose origin location is in set S;, where §; € (LP U L°).
Similarly, I_é’z C [ is the set of orders which have a destination location within S, where
S, € (LP u LY). The set of routes generated for any given set of orders I* is shown by
R~ . Solving LTLP-DM-Sub at day n for I* and R;- produces three main outcomes: K,

which consists of pairs of activated route-vehicle pairs and the set of orders assigned to

them; U}:, the set of unassigned orders and T/ the set of orders created based on the

I*,c’
ones that will be shipped to cross-docking facility ¢ and will be available for their next
transport on day j € B™. B™ is the set of future days on which the newly created orders
can be available for their next shipment. In the case of our specific problem, B™ is simply

{n+1,n+ 2,n + 3}. K;* is named as the set of combinations, and each element of K}+ is
in the form of (p,I3') where p is a route-vehicle pair and I} € I* is the set of orders

assigned to p.

Algorithm 4.10. Decentralized Heuristic (DH)

1: Letl:=N"uU" U (U3 T/"), K" =0, U":= 0, T™ := ¢,

2 For all pickup locations (I € LF):

3 Let I* := I,

4: Construct the set of admissible routes R, such that:
- Generated routes are of type 1 (collection routes), 3 (pickup and
delivery routes), 4 (pickup and delivery routes with single transfer)
or 6 (trunk route with pickup)
- The only pickup location in the routes is [

5: Solve LTLP-DM-Sub with the order set, I* and the set of routes, R;

Obtain K}, U and Tﬁi for c € L° and j € B"
6: K":=K" UK}
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T™ = T U T for c € L€ and j € B"
7:  Forall zones (z € Z):
* o (0]
Let [* := (Uzey; U}é}) NI
9: Construct the set of admissible routes R;+ such that:

- Generated routes are intra-zone collection routes (of type 1)
- All routes terminate at the cross-dock terminal ¢ € LS

10: Solve LTLP-DM-Sub with the order set, I* and the set of routes, R,
Obtain KJ*, Ut and T} for ¢ € LS and j € B™
11: K" :=K" UK}

T™ := T™ U T}, for c € LS and j € B"
ur:=U"u U}
12: Let I* := I{, where ¢ € LS
13: Construct the set of admissible routes R;- such that:
- Generated routes are of type 2 (distribution routes), 5 (pickup
and delivery routes), 5 (trunk route) or 7 (trunk route with delivery)
- All routes start from the cross-dock terminal ¢ € LS

14: Solve LTLP-DM-Sub with the order set, I* and the set of routes, R;-
Obtain K;+, U;+ and T[li for c € L¢ and j € B™
15: K" :=K"UK}!

T™ := T™ y Tlﬁli forc € L¢ and j € B™
Ur:=U"U U
16: Return K™ U™ and T™ for j € B™

We remind that LTLP-DM needs to be solved each day within a multi-day planning
environment. Step 1 of the DH forms the set of orders to be planned at a specific day (n)
and initializes the set of combinations, unassigned orders and orders-to-be-transferred.
Steps 3 through 6 represent the solution of the planning problem faced by dispatchers
located at pickup terminals. Each dispatcher deals with the orders that have to be shipped
from his/her facility and the type of routes used in the plans include a single pickup
location. Therefore, each problem is defined as a separate LTLP-DM-Sub and solved
independently. Information regarding the unassigned orders originating at each pickup
location is transmitted to the cross-dock terminals. Dispatchers at the cross-dock
terminals gather such orders from different pickup locations in their zones and plan the
inbound shipments employing intra-zone collection routes. This process is demonstrated

in steps 8 through 11 of DH. Afterwards, the planning of outbound shipments for each
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cross-dock terminal is carried out via steps from 12 to 15. Inbound and outbound
transportation planning problems encountered by the dispatchers at each cross-dock
terminal can be modelled separately. Thus, each such problem corresponds to a distinct
LTLP-DM-Sub for DH. The outcome of DH at day n is the set of combinations (K™), set
of unassigned orders (U™) and the set of orders-to-be-transferred (T™/). In a multi-day
planning setting, all orders in U™ will be transferred to day n + 1. T™/ represents the set
of new orders created based on the orders that will be shipped to cross-dock terminals via
route-vehicle pairs planned on day n. Orders in T™/ are scheduled to arrive at the system
on day j for j € B™. These orders will have the cross-dock terminal which they are
shipped to as the origin location, whereas their destination location will be the same as
that of the order they are inherited from.

The main advantage of DH is that it can be easily put into practice without changing
the existing planning approach of the 3PL firm drastically. However, the highly
decentralized structure leads to missed consolidation opportunities, and hence, loss of
potential savings in costs. An advantage of DH is that steps 3 to 6 and 8 to 15 can be
parallelized since each LTLP-DM-Sub can be solved independently. This has the
potential to reduce the time required for solving LTLP-DM further with a proper
implementation. Next, we propose the Centralized Heuristic (CH), which aims to add a
certain degree of centralization to DH.

Centralized Heuristic

The optimal solution to LTLP-DM can be obtained by solving the associated ILP model.
However, due to the complex nature of the problem and the need for a quick solution,
solving ILP model to optimality is not possible in practice. The Centralized heuristic (CH)
is designed to solve LTLP-DM in a more integrated manner compared to DH, by
enhancing the consolidation opportunities in order to achieve lower freight costs. Similar
to DH, CH also employs a decomposition approach and partitions the set of daily orders
to solve LTLP-DM-Sub with a smaller set of orders and less number of route-vehicle
pairs. However, the partitioning logic differs from that of DH. Instead of constructing
sub-problems that are analogous to daily planning tasks of the dispatchers, we divide the

set of orders based on their origin and destination zones. Let (z;, z,) represent a pair of
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origin and destination zones where z;,z, € Z. We next form clusters. Any subset of
orders that have their origin locations in zone z; and destination locations in zone z, are
in the same cluster. In the first phase of the CH (steps 3 to 6 of Algorithm 2 given below),
we solve LTLP-DM-Sub for each cluster separately. If the origin and destination zones
for any given cluster are the same (z; = z,), then intra-zone pickup and delivery routes
(with or without transfer) are used in LTLP-DM-Subs, whereas all types of inter-zone
route types are incorporated if the origin zone is different from the destination zone. The
main reason for partitioning the orders based on their origin and destination zones is that
the current types of routes employed by the 3PL firm are also associated with an origin
zone, where all items are picked up from, and a destination zone, where all items are
delivered to. This route structure allows decomposing the problem by keeping most of
the consolidation opportunities available.

The orders which are not assigned to any route-vehicle pair in the first phase are re-
clustered based on their origin zones. In steps 8 through 11 of Algorithm 2, separate
LTLP-DM-Sub are solved for each of the new order clusters with intra-zone collection
routes. This phase aims to bring items that belong to orders having the same origin zone
but not necessarily the same destination zone, to the closest cross-dock terminal. The last
phase of the algorithm is designed to plan the last mile deliveries for the items which have
already been shipped to the cross-dock terminals at their destination zones. This requires
the last mile delivery orders to be clustered based on their destination zones. LTLP-DM-
Sub is then solved for each cluster with intra-zone distribution routes. CH allows
parallelization as well. In steps 3 to 6 and 8 to 15, LTLP-DM-Subs can be solved in
parallel since each sub-problem accommodates a set of orders that is independent from
the others.

The pseudocode of the CH, which uses the same notation as that of DH, is provided

below.

Algorithm 4.11. Centralized Heuristic (CH)

11 Letl:=N"uU" U (Ujo_sT/"), K" =0, U":= 0, T" := ¢,
2:  For all origin-destination zone pairs (z,, z,) for z,,z, € Z:

. * . 70 D
3: Let I" == Ip ) N 1D
4.

Ifz; = z,:
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~

10:

11:

12:
13:

14:

15:

Enumerate all admissible intra-zone routes of type 3 (pickup and
delivery routes) and 4 (pickup and delivery routes with single transfer)
for the given set of orders I* and construct the set of routes, R+

Else:
Enumerate all admissible inter-zone routes (of type 1 through 8) for the
given set of orders I* and construct the set of routes, R;

Solve LTLP-DM-Sub with the order set, I* and the set of routes, R;-.

Obtain K%, U and T)*/ for ¢ € L€ and j € B"
K":=K" UK}
T™ := T™ U T forc € L€ and j € B"

For all zones (z € Z):

Let[* := (UleLP Ulr{b}) g II?P
z 1A z
Construct the set of admissible routes R;+ such that:
- Generated routes are intra-zone collection routes (of type 1)

- All routes terminate at the cross-dock terminal ¢ € LS
Solve LTLP-DM-Sub with the order set, I* and the set of routes, R;-.

Obtain K%, Ut and T} for ¢ € LS and j € B™

K™ :=K" UK}
T™ := T™ y T,’f:i forc € LS and j € B™
Un:=Um U UL

Let I" :=1Igy N I}p

Construct the set of admissible routes R;+ such that:
- Generated routes are intra-zone distribution routes (of type 2)
- All routes start from the cross-dock terminal ¢ € LS

Solve LTLP-DM-Sub with the order set, I* and the set of routes, R;-.

Obtain K;- and U,

K™ :=K" UK}

ur:=U"u Up

16: Return K™, U™ and T™ for j € B™

After the orders are partitioned into subsets and LTLP-DM-Subs are defined, the set

of relevant routes should be constructed through the algorithm presented in Section 4.1.

The next section describes the solution approach for tackling LTLP-DM-Subs.
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4.3.3 A Matheuristic for Solving the LTLP-DM-Sub

In both DH and CH, the LTLP-DM is decomposed into sub-problems called LTLP-DM-
Subs in order to reduce the computational effort and solution time. Preliminary
experiments have shown that majority of the LTLP-DM-Subs instances obtained from
practical size problems can be solved optimally by formulating each problem as an integer
linear programming (ILP) solving it through commercial solvers. Although most of the
instances can be solved to optimality within an acceptable duration, some instances
become intractable due to the high number of orders and routes. The main reason for the
different levels of difficulty between instances is the imbalanced structure of the network
in the tested real-life instances. Density of orders are significantly higher in some regions
compared to others due to non-uniform spread of the population and industrialized areas
across the country. Furthermore, the LTLP-DM-Sub instances solved within CH are more
difficult compared to those solved within DH as a result of larger order clusters and higher
consolidation opportunities.

In order that both easy and difficult problem instances are handled properly within a
reasonable solution time, we propose a generic solution methodology that combines an
exact mathematical programming-based approach with heuristics. This type of approach
is referred to as a “matheuristic” in the literature. The matheuristic (MH) for LTLP-DM-
Sub starts by solving the ILP model for the LTLP-DM-Sub with a time limit (zgy5). The
optimality gap of the solution found is denoted by G¢; 5. The algorithm terminates if the
optimal solution to LTLP-DM-Sub is achieved (Gs;5 = 0) within the specified time limit.
Otherwise, a column generation-based heuristic (CGH) is executed to obtain a near-
optimal solution to LTLP-DM-Sub. The initial columns of CGH are acquired from the
best feasible solution to LTLP-DM-Sub, which is found by the solver when the time limit
is exceeded. If no feasible solution is found or all orders are unassigned in the feasible
solution, then a constructive heuristic is run to generate the set of initial columns for CGH.
This heuristic is called the Potential Insertion Heuristic (PIH), which selects route-
vehicle pairs of higher potential and assigns orders to them in a greedy manner iteratively.

The overall flow of the MH algorithm is given as follows.
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Algorithm 4.12. A Matheuristic for Solving LTLP-DM-Sub

1: Getalgorithm inputs: I and R,

2: Construct the set of route-vehicle pairs P, using I and R,

3: Solve the ILP for the LTLP-DM-Sub for the order set I and route-vehicle pair set
P with a time limit of tg;5 minutes, obtain K;, U;, and Gsyp

4: 1f Ggyg = 0:
5: Terminate the algorithm and return K; and U,
6: Else:
7: If |K;| > 0:
8: Let K; and U, form the initial set of columns for CGH
9: Else:
10: Run PIH and obtain new sets of K; and U,
Let K; and U, form the initial set of columns for CGH
11- Run CGH and obtain sets of activated combinations (K;") and unassigned
' orders (U;)
12: Return K;" and U;

Once the set of route-vehicle pairs (P) is constructed, the ILP for LTLP-DM-Sub is
solved with a time limit of 7,5 minutes. Recall that the ILP has three types of binary
decision variables: y, indicates whether route-vehicle pair p is used, u; shows whether
order { is unassigned and finally x;,, takes the value of one if order i is assigned to route-
vehicle pair p. Let the solution returned by the solver be denoted by y,, for p € P, u; for
i€landx;, fori €l,p€Pand Oy =1, where Oy, shows whether order i can be
assigned to route-vehicle pair p. The set of unassigned orders, U, is simply a subset of /
where u; = 1. The set of activated combinations (K;) is the collection of used route-
vehicle pairs and orders assigned to them. Each element of K; is in the form of (p, I;,“) for
p € P such that y, = 1 and I} is a subset of I where x;,, = 1.

If the solver finds the optimal solution, which means the optimality gap (Gsyg) IS
equal to zero, then the solution found (K;, U,) is returned. Otherwise, CGH is executed to

find a good solution heuristically. An initial set of columns is necessary for running CGH.
Each column is a combination (p, I;,“) that contains a route-vehicle pair (p), and a set of
orders assigned to it (Ig‘). If the solver finds a feasible solution with a positive number of

combinations (|K;| > 0), then these combinations are used as initial columns of CGH. If
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the solver fails to detect a feasible solution or the set of combinations it produces is empty,
then PIH is run to generate initial columns for CGH.
PIH is a constructive heuristic which aims to create feasible combinations by

activating route-vehicle pairs with a high potential of load carrying and assigning orders
to them in a randomized and greedy fashion. Let S,’f"tp denote the potential of route-
vehicle pair p and Q,, be the total size of loads assigned to p. Throughout the algorithm,
we maintain a set of candidate route-vehicle pairs P* € P. For each route-vehicle pair
p € P*, we have I}, " which represents the set of orders which can potentially be assigned

to p. The pseudocode of PIH is given in Algorithm 4.13.

Algorithm 4.13. Potential Insertion Heuristic

1: Get algorithm inputs: I and P

21 LetP*:=P, U, :=1and K, :=@. Calculate S?°? and let Q; := 0 for p € P*

3:  Remove any route-vehicle pair p from P* if S¥°F < Q,M,

4: While |P*| > 0:

5: Pick a route-vehicle pair, p’ from P* by roulette-wheel selection with

agegs . - potp
probabilities proportional to the potentials S,

6: Let ) := @. Construct Iz’;,* evaluating i € U, such that 0, = 1

7 While |15 | > o:

8: Pick and order, i’ from sz,* by roulette-wheel selection with probabilities

proportional to the order sizes S;
9: IfSy < Qp — Q;,:
" ./ A * o, *

10: Append i’ to Iy and let Qs := Q@ + Sy
11: Remove i’ from I
12: If Q;/ = Qlepl:
13: Append the combination (p', I)) to K; and let U; == Uy \ I
14: Remove p' from P*.
15: Update potentials of route-vehicle pairs (S7°"7) and remove any route-vehicle

pair p from P* if S7°" < Q, M,
16: Return K,

PIH employs roulette-wheel selection mechanism for determining: i) the route-vehicle
pair to be activated (step 5) and ii) orders that will be assigned to the activated route-

vehicle pair (step 8). A higher potential increases the probability of selection for any
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route-vehicle pair whereas a bigger order size increases the chances of an order getting
assigned to the selected route-vehicle pair. It is ensured that the vehicle capacity is not

exceeded when an order is assigned to a route-vehicle pair. Any route-vehicle pair p that
has a potential (S7°"") below the required capacity usage for satisfying the minimum
utilization limit (Q,M,) is disregarded. Any combination created (p’, 1) is added to the

set of generated combinations (K;) if the minimum utilization limit is met. These
inspections guarantee that only feasible combinations are detected by PIH.

Once the set of initial columns are constructed either via exploiting the best feasible
solution returned by the solver or running PIH, the column generation procedure can be

launched. We describe CGH in the next section in detail.

4.3.4 Column Generation Heuristic

Column generation is a technique for solving linear programming problems with huge
number of variables in an efficient manner. We propose a heuristic method that utilizes
this technique for finding a good solution to LTLP-DM-Sub within a short time frame.
The Column Generation Heuristic (CGH) starts with an initial set of combinations and
iteratively generates new combinations to improve the best feasible solution to LTLP-
DM-Sub. We reformulate the LTLP-DM-Sub to incorporate variables associated with
combinations rather than route-vehicle pairs. The new formulation, called the Integer
Master Problem (IMP), is theoretically capable of solving any LTLP-DM-Sub to
optimality given that the set of all feasible combinations are available. However, for
problem sizes in practice, it is computationally impossible to generate all feasible
combinations for LTLP-DM-Subs. CGH is designed to find the best feasible solution to
IMP using the limited solution time effectively.

IMP can be also solved for a restricted set of columns, in which case it is called the
Restricted Integer Master Problem (RIMP). To model an instance of RIMP, we need to
have a set of orders (I) and set of feasible combinations (K). CX is the cost associated

with combination k. If k = (p, 15‘) is the combination of route-vehicle pair p and the set

of orders assigned to it I, then we have:
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CK=Cly, + Z cg,xi,,

1A
lEIp

(4.48)

Ay is a binary parameter which is equal to one if i € I} where k = (p, I;,“) and zero,
otherwise. We define the binary variable z;, to indicate whether combination k is
activated or not. The binary variable u;, and the unassigned order cost coefficient ¢ are
analogous to the same components in the formulation of ILP formulation of LTLP-DM-

Sub. The resulting mathematical programming formulation of RIMP is as follows:

Minimize z Ci zi + z Clu; (4.49)
keK i€l

subject to

z Aoz, 1t = 1, i€l (4.50)

keK

z, €{0,1}, keK (4.51)

u; € {0,1}, i€l (4.52)

The objective function is the summation of the cost of activated combinations and
unassigned orders. Constraint (4.50) guarantees that an order is either unassigned or it is
used in exactly one of the activated combinations. Constraints (4.51) and (4.52) define
variables z; and u; as binary.

In the column generation procedure, we solve the linear relaxation of RIMP, which is
referred to as the Restricted Linear Master Problem (RLMP), and obtain dual prices

associated with each order. The mathematical model of RLMP can be demonstrated as:

Minimize Z Czic + Z Clu; (4.49)
k€K i€l

subject to

2 Az +u; = 1, i€l (4.50)

k€K

2 > 0, kekK (4.53)
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u; >0, i€l (4.54)

Using the dual prices obtained by solving RLMP, one can compute the reduced cost
coefficient (CF) for any combination (k). When combinations with negative reduced costs
are incorporated into RLMP and the model is solved again, a new set of dual prices is
obtained. This process can be repeated until no further combinations with negative
reduced cost can be detected. At the end, the given instance of RLMP is solved optimally.

We denote the dual prices associated with each constraint in the constraint set (12) as

u; for i € I. The reduced cost of any combination k = (p, I;,“) is then calculated as:

icTA
lEIp

The problem of finding combinations with negative reduced costs is called as the
Pricing Problem. Both exact and heuristic approaches can be employed for determining
which combinations will be introduced to RLMP in the next iteration. Deciding on how
many columns will be added to the RLMP is an important algorithmic choice. It is
possible to add one or more combinations with the least reduced costs, or even all the
combinations with negative reduced costs at each iteration of the column generation
procedure. We first formulate the pricing problem as an integer programming (IP) model,
called the Pricing Model (PM), which aims to detect 6, most negative combinations
based on a given set of orders (1), route-vehicle pairs (P) and the vector of dual prices
with elements y; for i € I. The PM shares several common constraints with the ILP

model of LTLP-DM-Sub and it is presented as follows:

cy +Z Z Ch — ui)x;
Minimize ; p Yy (lp 'ul) P (4.56)

i€l DPEP
in=1
subject to
4.57
Z .Vp < 5PM! p &P ( )

pPEP
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Z Sixip < prp'
- pEP (4.41)
in=1

Z Sixip = Mpryp,

= p EP (4.42)
Oip=1
xip € {0,1}, IELPEP, Oy =1 (4.43)
¥p €10, 1}, pEeEP (4.49)

The objective function of PM represents the summation of the reduced costs of all
selected combinations. Constraint (4.57) ensures that at most §p,, combinations are
selected. One can simply lift constraint (4.57) to select all combinations with negative
reduced costs. Constraints (4.41) and (4.42) are adopted from the ILP formulation of
LTLP-DM-Sub, which guarantee the feasibility of the selected combinations in terms of
not exceeding vehicle capacity and satisfying minimum capacity utilization limit.

Solving PM with the complete set of route-vehicle pairs might result in high
computation times since the pricing problem will be solved many times within the column
generation process. To avoid this, we propose a heuristic approach called the Pricing
Heuristic (PH), to produce combinations with negative reduced costs efficiently. PH
consists of four main steps. Firstly, a set of promising route-vehicle pairs (P) is identified
by picking the route-vehicle pairs with the least reduced cost potential. The maximum
number of elements in set P is a predefined parameter denoted by §pp. For eachp € P, a
modified version of the potential insertion heuristic (MPIH) is executed to construct the
set of combinations, K*. If at least one combination has a negative reduced cost, then the
algorithm terminates and the set of all negative cost combinations is returned. Otherwise,
PM is solved for P with §p), = 1 to identify the combination with the most negative
reduced cost using only the set of promising route-vehicle pairs. If this step fails to find a
combination with negative reduced cost, then PM is solved for the complete set of route-
vehicle pairs (P) with §p,, = 1 as the last resort. This approach has two main advantages:
1) by applying quicker methods first, combinations with negative reduced costs can be
detected faster in most of the cases, and ii) if the efficient methods fail to find such

combinations, the pricing problem is solved exactly so that the column generation process
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is not aborted unnecessarily due to lack of new combinations. The overall flow of PH is

as given in Algorithm 4.14.

Algorithm 4.14. Pricing Heuristic

1: Getalgorithm inputs: I, P and y; fori € I
2: Identify the set of promising route-vehicle pairs (P)

3:  Run MPIH with P and obtain K *

4: Remove combinations with non-negative reduced costs from K*
5. If|[K*| > 0:
6:

7

8

9

Return K*
Else:

Solve PM for route-vehicle pair set P and ), = 1, obtain K*

If |K*| > 0:
10: Return K*
11: Else:
12: Solve PM for route-vehicle pair set P and 6,y = 1, obtain K*
13: Return K*

The identification of promising route-vehicle pairs (step 2) is a randomized process
to pick 8pp route-vehicle pairs which are more likely to lead to combinations with
negative reduced costs. Assume that I; represents the subset of orders which can possibly
be assigned to a route-vehicle pair p. For each p € P we calculate the potential metric

E?° , where
EP™ = cF 4 T _ % E 1
14 p p Spotp i (4.58)

The overall process is demonstrated in Algorithm 4.15.

Algorithm 4.15. Identification of Promising Route-Vehicle Pairs

1: Getalgorithm inputs: I, P and y; fori € I

2: If |P| < 6pp:

3 Let P := P and return P

4: Else:

5 Let P := @, P4 := P and calculate E}°'" for each p € pPcend
6 While |P| < 8pp:
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7: Pick a route-vehicle pair p’ from P€@"@ py roulette-wheel selection with
probabilities proportional to values of EZ°%
8: Append p’ to P and remove p’ from pcand
9: Update probabilities based on the remaining elements in pcend
10: Return P

Modified Potential Insertion Heuristic (MPIH) aims to construct a feasible
combination for each promising route-vehicle pair p € P. The mechanism for assigning
orders to route-vehicle pairs is very similar to that in PIH, but instead of picking orders

with probabilities proportional to order sizes (S;), we use dual prices (y;).

Algorithm 4.16. Modified Potential Insertion Heuristic

1: Getalgorithm inputs: I, P and p; for i € I

2: LetK*:=@. Calculate S?° and let Q; := 0 forp € P
3:  Remove any route-vehicle pair p from P if S2°? < Q,M,,
4: Foreachp € P:
5: Let [ :=@and [} := 1}
6: While |I5" | > 0:
7 Pick and order, i’ from 12’;,* by roulette-wheel selection with probabilities
proportional to the dual prices u;
8: It Sy < Q, — Qi
9: Append i’ to I} and let Q;, := Q;, + Sy
10: Remove i’ from 15"
110 I Q= QuM,:
12: Append the combination (p, 1) to K*

13: Return K;

The iterative column generation process aims to solve the linear relaxation of the
problem (LMP) optimally. Since the solution of LMP may contain fractional variables, a
branch-and-price algorithm may be utilized to solve the IMP. However, preliminary
experiments have shown that this approach consumes too much time for solving LTLP-
DM-Subs. Instead, the Column Generation Heuristic (CGH) runs the column generation
procedure for a predefined time limit ., and solves the RIMP with the set of generated
columns to obtain an integral solution to the given LTLP-DM-Sub. In our preliminary

experiments, almost all of the practical instances of RIMP are solved optimally in a very
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short computation time. Still, we specify a time limit zg;,p for the solver to account for
larger instances that may occur in the future. The pseudocode of CGH is provided in
Algorithm 4.17.

Algorithm 4.17. Column Generation Heuristic

1: Get algorithm inputs: I, P and the set of initial columns, K;
While elapsed time < t¢;:

Solve RLMP for I and K;. Obtain dual prices u; fori € I

Run PH and obtain the set of generated combinations, K*

If [K*| > 0:

LetK; := K, UK*

Else, go to Step 8
Solve RIMP for I and K; with a time limit of Tz;,,p Mminutes
Obtain the set of activated combinations, K;* and the set of unassigned orders U;
9: Return K; and Uy

CGH is an important component of the matheuristic algorithm that aims to solve the
difficult instances of sub-problems within both decentralized and centralized solution
approaches. In the next section we compare the performances of these two approaches
through a comprehensive computational study and interpret the results from quality and
efficiency perspectives.

4.3.5 Computational Experiments for the LTLP-DM

In this section, we present the results of our computational experiments performed on real
order data of the 3PL company. The same data set is used for decentralized and centralized
heuristics (DH and CH). A multi-day simulation framework is developed to observe the
performance of both approaches in the long run. We simulate each day by solving daily
planning problems and maintain flow balance for orders between days. First, we present
the characteristics of the test data. Then, we compare the results of DH and CH for a one-
month experiment period. Finally, we investigate how the overall results would change
for different values of cost coefficients associated with unassigned orders and orders-to-

be-transferred.
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Description of the Test Case

The experiments are run on the real orders of the 3PL company that are collected for
a full month. A total of 26,663 orders that account for half a million cubic meters of goods
are included in the tests. Figure 4.5 illustrates both the daily number of orders and the
total size of the orders received at each day of the experiment period. It is seen that the
daily number of orders gets as high as 1400. The number of orders received in certain
days are significantly lower compared to others. This is because only a few clients of the
3PL company work on Sundays. Our heuristics are designed to solve instances with
thousands of orders. Therefore, a comparison of the heuristics with optimal solutions in
very small size instances is not meaningful.

While running both DH and CH, the simulation algorithm manages the set of orders
that will be planned in each day’s LTLP-DM. On day one, it is assumed that no orders
are transferred from the previous periods and the LTLP-DM is solved for the orders
received on the first day only. After the last day (day 31) is planned, there can still be
some unassigned orders remaining or orders scheduled to arrive in the following days due
to transfers. We run the simulation for an extra week or until all orders are delivered to

their final destinations.

Total Size of Orders Received (m3)

1600 Number of Orders Total Order Size 30000

1400
§ 25000
‘s 1200
g 20000
o
», 1000
>
T 800 15000
(@)
‘S 600
g 10000
% 400

5000
Z 200
0 0
123456 7 8 910111213141516171819202122232425262728293031

Days
Figure 4.5. Total Quantity and Size of the Orders Received per Day.

The operation area is divided into 20 zones. Due to non-uniform distribution of the
population and industrial areas across the country, some zones have a significantly higher
frequency of orders compared to others. Figure 4.6 demonstrates the average number of

orders per day from each zone (displayed in rows) to each zone (displayed in columns).
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One can easily deduce from the figure that zone 13 is by far the busiest region in terms
of both inbound and outbound shipments, followed by zones 14 and 11.

Two types of trucks with capacities of 50 and 90 cubic meters are available. For the
sake of simplicity, hereafter we refer to these as small and large trucks. Each route-vehicle
pair is associated with a fixed cost, which depends on the type of the truck as well as the
origin and destination zones of the route. For any given route, fixed cost of a large vehicle
is 1.25 times that of a small vehicle. Variable costs depend on the route distance and the
number of visits to cross-dock terminals. Table 4.4 summarizes the values of parameters

that belong to vehicle types.

Table 4.4. Vehicle Parameters.

Vehicle Type Capacity (m®) Cross-docking Cost (£) Fuel Cost (£/km)

Small 50 150 2.5
Large 90 200 3
To Zone

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

© 0O N O O B WDN -

13 ! . ' 81 126 162 168 19.2 105 15.0
14 . ' d ! ! . 5 35 56 19 51 128 118 76 30 30 11 43 27

Figure 4.6. Average Daily Number of Orders between Zones.
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Recall that we identified eight main types of routes that can be used in the operations
of the 3PL company. For the route generation process, we need to define the vector S,
for each route type h. We have two sets of route types: H™" and H™" which
represent intra-zonal and inter-zonal route types, respectively. The values of the
parameters for route types in H™"® and H™°" are provided in Tables 4.5 and 4.6. Note
that each specified route type can be used in DH, CH or both heuristics, depending on the
general structure of the algorithm. The information regarding the solution approaches in

which the given route types are used is also provided in the tables below.

Table 4.5. Intra-zonal Route Types and Their Parameters.

R_I(;J;F;Eg Used in Bminpick Bmaxpick Bmindel ﬂmaxdel Bxdnrigin ﬁxddest ﬁmaxspdev ﬁminutil
1.1 | CH & DH 1 5 0 0 True False 0.25 0
2.1 | CH&DH 0 0 1 5 True False 0.25 0
3.1| DH 1 1 1 3 False False 0.1 0.9
32| CH 1 3 1 3 False False 0.1 0.9

Table 4.6. Inter-zonal Route Types and Their Parameters.

R-I?;;E Used in ﬁminpick ﬁmaxpick ﬁmindel ﬂmaxdel Bxdori,yin ﬁxddest ﬁmaxspdev ﬁminutil
1.2 | DH 1 1 0 0 False True 0.1 0.9
1.3| CH 1 3 0 0 False True 0.1 0.9
2.2 CH&DH 0 0 1 3 True False 0.1 0.9
3.3 | DH 1 1 1 3 False False 0.1 0.9
3.4 | CH 1 3 1 3 False False 0.1 0.9
4.1 | CH & DH 1 2 1 3 True False 0.1 0.9
4.2 | CH 1 3 1 2 False True 0.1 0.9
5.1 | CH & DH 0 0 0 0 True True 0.1 0
6.1 | CH & DH 1 2 0 0 True True 0.1 0.9
7.1 CH&DH 0 0 1 2 True True 0.1 0.9
8.1 CH &DH 1 2 1 2 True True 0.1 0.9

Two important coefficients, A, and A, are used to determine the cost of an
unassigned order and the cost of delivering an order to a cross-dock terminal for a future
shipment to its final destination. Both coefficients are set to one in the initial scenario, but
further experiments are performed to observe the effect of higher and lower values of 4,
and Ar.

Time limits set for solving the mathematical models and running the heuristics are
critical parameters that affect both solution time and quality. We specify a time limit of 3
minutes (180 seconds) for solving the ILP model for each LTLP-DM-Sub (zg;5) and
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solving RIMP at the end of CGH (tg;mp). The maximum time for running the column
generation process within CGH () is also set to 3 minutes.

Lastly, the value of the maximum number of promising route-vehicle pairs (6pp) to
be used in the pricing heuristic (PH) is set to 10.

Each parameter value is determined after a series of preliminary experiments to obtain
the best possible solutions in general, ensuring that the overall solution time for each day

allows the practical usage of the algorithms developed.

Comparison of Decentralized and Centralized Heuristics

We perform our experiments using a simulation framework that utilizes DH or CH to
solve LTLP-DMs and organizes the flow of order information across the days within the
planning window. We run two replications of a full-month simulation applying DH and
CH each day. The simulation framework and the heuristics are coded in Python 3 and all
mathematical programming models are solved by CPLEX 12.8 on an 8-core PC with 3.20
GHz processors and 16 GB RAM. We first compare the results of two simulation runs in
terms of several performance metrics that give an overall idea about the differences
between the decentralized and centralized approaches. Then we compare the quality of
the solutions both on a day-by-day basis and cumulatively. Finally, we interpret the
solution times and optimality gaps to evaluate the efficiency of our methods. Daily
detailed simulation results for both DH and CH are reported in tabular form in Appendix
D.

Table 4.7. A General Comparison of DH and CH.

Comparison Metric Decentralized Heuristic (DH) Centralized Heuristic (CH)

Number of trips 9,886 8,668

Vehicle usage by type Small trucks: 29.1% Small trucks: 23.9%
Large trucks: 70.9% Large trucks: 76.1%

Average vehicle capacity utilization 88.69% 89.38%

Number transfers at cross-dock terminals 8,322 5,386

Average number of orders per trip 3.54 3.70

Average number of trips per order 1.31 1.20

Table 4.7 demonstrates the overall results of the simulations with DH and CH as the
means of solving LTLP-DMs. Note that all orders are delivered to their final destinations
by the end of day 36 in both simulations. With the enhanced consolidation opportunities,

CH is able to deliver the same set of orders with a smaller number of trips using larger
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trucks more frequently with a higher capacity utilization. The number of order transfers
at the cross-dock terminals is 35% less in CH compared to DH. This figure indicates that
direct routes are used more often in CH. Even though each order is shipped by a larger
number of trips on average due to the higher number of transfers in DH, the average
number of orders accommodated per each trip is still lower than that of CH. This result

also demonstrates more efficient usage of trips by CH.

Cross- D H Cross-
docking docking
Cost \ Cost

8%

CH
6% \‘

Figure 4.7. Composition of Freight Cost for DH and CH.

Figure 4.7 shows the composition of total freight cost for decentralized and
centralized approaches. The portion of cross-docking costs is lower for CH thanks to a
lower number of order transfers.

In each instance of LTLP-DM or LTLP-DM-Sub, the objective is to minimize the
summation of total freight cost, unassigned order cost, and the cost of orders-to-be-
transferred. Assume that we have a solution to an instance of LTLP-DM where P* is the
set of activated route-vehicle pairs, I is the set of orders assigned to route-vehicle pair p
for each p € P* and U™ is the set of unassigned orders. Then the total solution cost is

calculated as:

AN ED I (4.59)

pEP* iev* pEP* iel;,“

The first cost component is the summation of freight costs (C,f ) for each route-vehicle

pair. The other two cost terms (C” and C},) are not real costs that the company has to pay.

These are artificial costs that are introduced to provide flexibility of not fulfilling an order
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at the day of planning or shipping an order to a cross-dock terminal instead of its final
destination. Although the daily objective is to minimize the total cost, in the long run the
firm wants to minimize its total freight costs while all orders are delivered on time. We
first compare DH and CH in terms of cumulative freight costs and then provide the results

related to total costs.
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Figure 4.8. Cumulative Freight Costs.

Figure 4.8 illustrates the cumulative freight cost over the days, obtained by running
DH and CH each day within the corresponding simulations. As it can be deduced from
the graph, the gap between the cumulative freight costs of DH and CH increases as the
simulation advances. At the end of day 36, which is the last day of both simulations,
cumulative freight cost achieved by employing DH and CH are found to be £ 14.4 million
and £ 13.3 million, respectively. These figures clearly demonstrate that the centralized
approach we propose has a potential of creating a saving over £ 1 million per month,
which accounts for a reduction in the freight cost by 7.8%. Figure 4.9 shows the change

in the percentage difference in freight costs between the two approaches over the days.
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Figure 4.9. Percentage Difference between DH and CH in terms of Freight Cost.

The orange line represents the percentage difference in the freight costs of DH and
CH each day, whereas the blue line shows the percentage difference between the
cumulative freight costs. DH performs better than CH in terms of the freight costs only
on the first day of the simulation and on Mondays (days 1, 5, 12, 19 and 26). This pattern
can be explained by two main factors: unassigned orders and trip characteristics. At the
beginning of the simulation or on the first day of a new week, portion of orders that can
be left unfulfilled is higher since most of the orders are new and their due dates are far
enough, which allows orders to be unassigned at relatively lower costs.
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Figure 4.10. Number of Unfulfilled Orders.
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Since less consolidation opportunities are present in DH, more orders remain
unassigned at these days (see Figure 4.10), which leads to lower freight costs. The other
reason that causes this pattern is the type of routes and the number of trips planned on
these days. Figure 4.11 shows daily change in the relative difference between DH and CH

results in terms of the number of trips planned and the average cost per trip.
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Figure 4.11. Percentage Differences in Number of Trips and Cost per Trip.

On days 1, 5, 12, 19 and 26, the difference in the number of trips is closer to zero
unlike the other days. Moreover, trips produced by CH are relatively more costly on these
days due to the possibility of employing longer routes with multiple pickup locations.
These two factors combined lead to lower freight costs on these specific days. On any
other day in the simulations, CH performs better in terms of the freight cost. The relative
difference between the cumulative freight costs (see Figure 4.9) remains steady between
7% and 8% as the simulation proceeds, which demonstrates the superiority of CH over
DH in the long run.

When we compare the two approaches in terms of total cost, which includes artificial
costs in addition to the actual freight cost, it can be clearly seen that there is a significant
difference between DH and CH on every single day of the simulation (Figure 4.12). The

difference is relatively small on Sundays due to small number of orders available.
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Figure 4.12. Daily Total Costs.

Overall, CH produces 51% lower total cost than DH. We know that 7.8% of this gap
comes from the freight cost. The rest of the difference is caused by the higher number of
unassigned orders and order transfers at cross-dock terminals in the decentralized
approach. Hence, we observe a much better service performance with the CH.

Our next analysis is in terms of our solution methodology. In the description of our
solution approaches, we had mentioned that LTLP-DMs are solved by decomposition,
where the main problem is partitioned into tractable sub-problems called LTLP-DM-
Subs. Figure 4.13 illustrates the number of LTLP-DM-Subs solved on each day by DH
and CH.
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Figure 4.13. Daily Number of LTLP-DM-Subs Solved.
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In total 8,230 LTLP-DM-Subs are solved by DH whereas 3,966 LTLP-DM-Subs are
solved by CH. This large difference is a result of adding a degree of centralization to the
existing solution strategy embodied by DH. Instead of solving a higher number of smaller
size LTLP-DM-Subs, CH solves a smaller number of sub-problems for larger order

clusters. However, the case is exactly opposite for the solution times.
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Figure 4.14. Solution Times for LTLP-DMs.

Figure 4.14 represents the total solution times for solving LTLP-DMs on each day.
Whereas the number of LTLP-DM-Subs solved by DH is more than twice those solved
by CH, the total computation time spent for solving LTLP-DMs by CH is 79.6% higher
compared to DH. The average time for solving a LTLP-DM-Sub is 7.7 seconds for DH
while it is 28.5 seconds for CH, which explains the reason for the gap between the total
solution times of two approaches. Note that the total solution time is below two hours on
all days for both approaches, which makes it possible to use them in practice.

The matheuristic that solves LTLP-DM-Sub is composed of two main steps. First, for
the given order set the exact ILP model is solved with a short time limit. If the optimal
solution to LTLP-DM-Sub is not found, then the Column Generation Heuristic (CGH) is
executed. In the exceptional case where ILP solver is not able to find a positive number
of initial columns for CGH, then Potential Insertion Heuristic (PIH) is executed to
generate them. The total simulation time can be divided into three parts; namely, the time
spent for solving the ILP for the LTLP-DM, running CGH and running PIH, since the

computation time for all other data processing operations within the simulation are
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negligible. Figure 4.15 illustrates the composition of the total simulation time for DH and
CH in terms of the times allocated to ILP, PIH and CGH.
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Figure 4.15. Composition of Total Simulation Time

PIH is executed only in CH and it accounts for only 0.17% of the total simulation
time. Percentage of time spent for CGH is 30.29% and 37.45% of the total solution times
for DH and CH, respectively. The higher portion of CGH in CH is an indication of a lower
rate of optimally solved LTLP-DM-Subs compared to DH. We support this argument by
investigating the number and percentage of sub-problems solved to optimality by the ILP
solver for both approaches: 8,020 out of 8,230 LTLP-DM-Subs (97.4%) are solved
optimally by the ILP solver in DH, whereas 3,634 out of 3,966 instances (91.6%) are
solved optimally in CH. These figures also imply that CGH is performed for 210 sub-
problems in DH, while this number is 332 for CH. The impact of CGH in both approaches
is demonstrated in Figure 4.16.
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Figure 4.16. Total Solution Costs Found by ILP and CGH with ILP Lower Bounds.

In Figure 4.16, the ILP solution cost values represent the summation of the objective
function values of best feasible solutions reported by the solver for each LTLP-DM-Sub.
CGH solution cost is the summation of total costs of each LTLP-DM-Sub after the
execution of CGH. ILP lower bound is the summation of lower bounds detected by the
solver within its time limit for each LTLP-DM-Sub, which theoretically designates the
minimum total cost value that can be achieved by solving each LTLP-DM-Sub optimally.
The relative difference between ILP solution cost and ILP lower bound is the optimality
gap of LTLP-DM in terms of the total cost (GI,5), whereas G, stands for the gap
between the CGH solution cost and ILP lower bound. Table 5 summarizes the optimality

gaps for the two solution approaches.

Table 4.8. Optimality Gaps of LTLP-DM-Sub and CGH in DH and CH.

Gg:UB GEGH
DH 0.27% 0.25%
CH 19.55% 10.60%

Since the sub-problems solved in DH are relatively easy, GZ, is already quite low
and applying CGH has a very small impact (0.02%) on the total solution cost. However,
the gap for CH is high at the beginning, and applying CGH brings this gap from 19.55%
to 10.6%, which is a significant improvement. Even though CH has an optimality gap of
10.6% in terms of total cost, it is still a more efficient approach as it is 7.8% better than

DH in freight costs and 51% better in total cost.
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CGH involves an iterative column generation step where dual prices are obtained by
solving the Restricted Linear Master Problem (RLMP) and new columns to be introduced
to RLMP are discovered through the Pricing Heuristic (PH). PH first tries to detect
columns with negative reduced costs via the so-called Modified Potential Insertion
Heuristic (MPIH). If it fails to find such columns, the Pricing Model (PM) is solved with
the set of promising route-vehicle pairs (P). If still no columns with negative reduced
costs are discovered, then PM is solved with the whole set of route-vehicle pairs for the
given LTLP-DM-Sub. Figure 4.17 illustrates the number and portion of PH iterations per
type of applied pricing method.
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Figure 4.17. Number of PH Iterations per Type.

The heuristic method (MPIH) is applied in more than 50% of the iterations within PH
for both decentralized and centralized solution approaches. Although MPIH is used more
often compared to the others in terms of the number of iterations, it accounts for only
1.68% of the total time spent for pricing (see Figure 4.18).
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Figure 4.18. Distribution of Total Time Spent for Pricing.

These two figures combined demonstrate the efficiency of MPIH as it is used as the
pricing method in more than half of the pricing iterations by consuming only a tiny
amount of time.

In the next section we interpret the effect of changing cost coefficients of artificial

components on the overall solution quality.

Experiments of Artificial Costs

The objective of the planning problems solved each day is the minimization of a total cost
function which is composed of the freight cost and two artificial cost components. The
artificial costs are introduced to make our solution approaches work effectively in a multi-
day planning environment. The first one is the unassigned order cost (C”), which
represents the cost of not assigning an order to any of the planned trips on a single day.
The second one is the cost of orders-to-be-transferred (Cig,), which takes a positive value
for the orders which are assigned to trips that will drop them at cross-dock terminals,
rather than their final destinations. This cost term can be viewed as an estimation of the
cost of shipping this order from the cross-dock facility it is unloaded at to its actual
destination in the upcoming days. Both cost components are defined as functions of
several different parameters, details of which can be found in Section 4.3.1. For each
function, we defined multipliers (1, and A7) that control the weight of these costs against

each other and the freight cost. In the experiment results we have presented up to now,
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we set the value of both coefficients to one. In this section, we analyze how the overall
solution is impacted when the simulations are run with different values of A, and A;.

In addition to our base scenario where Ay, =1 and Ay =1, we run SiX new
simulations by solving LTLP-DM-Sub through the better performing centralized heuristic
(CH) with A, values 0.5 and 2, and A, values 0.25, 0.5, 2 and 4. We compare the scenario
results in terms of performance indicators such as the freight cost, unfulfilled orders and
late deliveries. We also analyze several other metrics such as the number of trips, number
of transfers and the usage rates of vehicle types to ease the identification of reasons for
the differences between scenarios. The overall simulation results for the seven scenarios
are tabulated in Table 4.9, where the first row (Scenario 1) represents the base scenario.
The day-by-day results of each scenario are provided in Appendix E.

In scenario 2 the unassigned order cost is halved by setting 4, to 0.5. This results in
244 unfulfilled orders at the end of the simulation. Since unassigned order cost is
relatively low, many orders remain unassigned throughout the simulation until a cost
efficient shipment opportunity arises. This also leads to late deliveries. Scenario 2 has the
highest rate of late deliveries (2.85%) and the highest average lateness (2.43 days) among
the orders which are delivered after their designated due dates. The freight cost of scenario
2 is 9.7% lower than that of base scenario thanks to the lower number of trips and higher
usage of large trucks. However, the high number of unfulfilled orders might be a major

problem for the service quality of the 3PL firm.

Table 4.9. Overall Results of the Scenarios.

Vehicle
Type Average
Scenario 4 1 Freight Cost Unfilc?i(lled # of Late D(Ia_l?\;[gr f;,;?g; # of # of Usage Vehicle
u T (®) Deliveries y Trips Transfers Rates  Capacity
(S: Small, Utilization
L: Large)

Orders Rate (Days)

13,313,734 =
L.
. 0,
2 | 05 1 12026558 244 759 285% 243 7508 4882 o 1A% g oy
L- 85.7%
. 0
3 2 1 13917.831 0 452 170% 135 9248 5611 f gégo//z 87.3%
S: 20.0%
0, 0,
4 1 025 13543730 0 504 189% 132 9217 8509 D 200 90.5%
S: 22.0%
0, 0,
5 1 05 13353188 0 443 166% 124 8867 6623 o000 89.9%
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S: 24.8%

) 0
1 2 13,251,581 1 361 1.35% 1.21 8,586 4,889 L: 75.2% 89.1%
S:25.2%
0 9
1 4 13,059,407 44 356 1.34% 1.60 8,411 4,370 L 74.8% 89.6%

In scenario 3, we double the cost for unassigned orders (A, = 2). This change forces
the daily solution algorithm to dispatch orders as quickly as possible. The consequences
of this behavior is twofold: firstly, the planned trips are relatively inefficient due to more
trips with lower capacity utilization and a larger usage rate of small trucks employed,
which leads to a higher freight cost. Secondly, the number of transfers is higher compared
to the base scenario, which causes higher lead times for orders to reach their destinations
and eventually larger number of late deliveries. The reason for the high number of
transfers is that the algorithm prefers to assign orders more frequently to route-vehicle
pairs with intra-zonal collection routes, which ship the orders to cross-dock terminals
rather than their final delivery locations. Since the minimum utilization limit is zero for
this type of routes (see Table 4.5) and the unassigned order cost is high, the algorithm
chooses to ship many orders to cross-dock terminals regardless of the vehicle capacity
utilization instead of leaving them unassigned with the possibility of a direct shipment on
the next day.

In scenarios 4 and 5, cost of order-to-be-transferred (A7) is set to 0.25 and 0.5,
respectively. This causes an increase in the number of transfers compared to the base
scenario. The number of transfers is 8,509 and 6,632 in scenarios 4 and 5, which are 58%
and 23% higher than that of the base scenario. More transfers lead to a larger number of
orders that are delivered later than their due dates. These two scenarios also produce
slightly more costly solutions compared to the base scenario in terms of the freight cost.

In scenarios 6 and 7 we set the multiplier associated with order transfers (1) to 2 and
4, respectively. Results of scenario 6 are promising in the sense that important metrics
such as freight costs, number of late deliveries, average lateness and number of transfers
are lower than those of the base scenario. However, one of the orders is not fulfilled at
the end of the simulation, which might be an indication of a possibility of higher number
of unfulfilled orders in other instances. In the last scenario where A = 4, the number of
unfulfilled orders raise up to 44, which makes this scenario even more problematic than

scenario 6. Since transfer cost gets too high, it becomes more profitable to leave these



Chapter 4: The Less-than Truckload Planning Problem 108

orders unfulfilled than shipping them to cross-dock terminals for transfer. Although
scenario 7 produces better results than scenario 6 in most of the performance metrics, the
high number of unfulfilled orders makes the results with A, equal to 4 unacceptable.

We finally compare the scenarios based on the total simulation time, its composition
and the number of LTLP-DM-Subs solved per each scenario. Figure 4.19 demonstrates
that in general there is no significant difference among the scenarios in terms of the
portions of time spent to each solution step within the matheuristic that solves LTLP-DM.
The only noticeable divergence is in the percentage of time spent to Potential Insertion
Heuristic (PIH) in scenario 2. Since the unassigned order cost is lowered in this scenario,
it is more likely that the ILP model for the LTLP-DM-Sub produces feasible solutions
with all orders being unassigned. This causes the algorithm to call PIH for generating
initial columns for the next step. The larger number of calls to PIH explains the higher
portion of time spent to PIH in scenario 2.
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Figure 4.19. Total Simulation Time and Number of Sub-problems Solved.

Scenario 2 also deviates from the rest of the scenarios in terms of the number of LTLP-
DM-Subs solved. Since a higher number of unassigned orders are carried over to the
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subsequent days, LTLP-DM-Subs associated with these orders are solved repeatedly
throughout the simulation which raises the total number of sub-problems solved.

Scenario 4 has the highest total simulation time among all scenarios, despite having a
similar number of LTLP-DM-Subs solved as the others. This implies that the solution
time per sub-problem is higher for scenario 4 compared to the rest of the scenarios. Since
transfers are less costly, a high number of transfers are performed in scenario 4. For each
order shipped to a cross-dock terminal for transfer, a new order is created from that
terminal to the original order’s destination location. Therefore, having a larger number of
transfers increases the overall number of orders that need to be dealt with. Solution times
eventually become longer due to higher number of orders per LTLP-DM-Sub.

In general, the selection of coefficients in the base scenario seems to be reasonable in
terms of the overall indicators of solution quality as well as the solution time. The results
suggest that it might be possible to improve on-time delivery performance without
producing any unfulfilled orders by setting A, to a value greater than 1 and less than 2.
The appropriate value of A can be determined via further experimentation by testing
alternative values between 1 and 2.

In Chapter 4, we represented two versions of the LTL Planning Problem (LTLP). We
provided detailed problem definitions and description of solution approaches. The
computational results of LTLP-DM applied on the real-data have demonstrated that the
freight costs can be reduced by 7.8% by employing the approach we propose in the long
run.

The next chapter focuses on the Dedicated Vehicle Assignment Problem (DVAP), in
which we aim to assign a limited number of dedicated vehicles to planned LTL routes
and FTL orders.
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Chapter 5

THE DEDICATED VEHICLE ASSIGNMENT PROBLEM

Logistics companies follow different strategies in terms of the ownership of the
vehicles that will perform their transportation operations. While some firms prefer to own
the whole vehicle fleet, others may completely outsource the trucking to third-party
businesses. Our case represents a mixture of both strategies. The 3PL company we
address has a limited number of dedicated vehicles, but it also utilizes trucks from the
spot market to fulfill the transportation orders.

Dedicated vehicles can be used in both LTL and FTL operations. While FTL routes
are planned by the clients of the 3PL company and the stops on the route are known
beforehand, planning of LTL routes is performed by in-house planners. In Chapter 4, we
presented a solution approach for the LTL route planning process. In this chapter we focus
on The Dedicated Vehicle Assignment Problem (DVAP), which aims to assign dedicated
vehicles to LTL and FTL routes in the most efficient way.

We first provide a problem definition and present the mathematical formulation of the
model. Then we represent our solution approach, which involves a constructive heuristic
to find a starting solution and the solution of the mathematical model in through
commercial solvers using the heuristic result as a starting solution. In the computational
study, we show the potential saving that can be achieved through solving the DVAP on

instances adopted from LTLP-C results.

5.1 Problem Definition

The purpose of DVAP is to assign dedicated vehicles, which can perform multiple routes,
to previously planned routes with vehicle type information. Once we the planned route-
vehicle type information is acquired, the earliest and latest start times of the routes can be
calculated by finding room for pushing the start time of the route backward or forward.

This can be done by examining the deadlines and planned pickup and delivery times of
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each order assigned to the route. There exists an interdependence between routes which
interchange orders at cross-dock terminals. This constraint should be taken into
consideration in DVAP in order to maintain the synchronization.

Another important input of DVAP is the information regarding the dedicated vehicles.
The current geographical locations of these vehicles are obtained from GPS devices. Each
dedicated vehicle also has a home location. We assume that the vehicles will return to
their home locations upon the completion of their routes. Dedicated vehicles have a non-
use cost, which is incurred when no orders are assigned to them in a certain transportation
plan. The non-use costs are used to reflect the empty travel cost of dedicated vehicles for
returning their home locations.

A sample input for the DVAP is illustrated in Figure 5.1. Routes displayed in different
colors are either FTL routes or they are derived from the outputs of the LTLP. For
simplicity, we assume that two types of trucks (small and large) are available. The routes
represented by yellow, orange, red and dark red lines illustrate the routes assigned to small
vehicles, which are of the same physical type as purple and black trucks. The remaining
two routes (light and dark blue) are assumed to be assigned to large vehicles. Note that
the initial locations and home locations of the vehicles are displayed by the same colors.
Our aim is to find a solution similar to the one depicted in Figure 5.2, where the dashed
lines represent movements of the empty vehicles. There are three types of empty vehicle
movements, namely, the movement of a vehicle from its initial location to the starting
location of its first assigned route, from the ending location of a route to the starting
location of the next route and finally from the ending location of its last assigned route to
its home location.

We formulate an MILP model which includes all the practical constraints and
requirements associated with the DVAP. This model takes route attributes such as route
duration, earliest and latest route start times and route dependency relationships as fixed

parameters from the solution of the base problem.
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Figure 5.1. Sample DVAP Inputs.

Figure 5.2. Sample Solution to the DVAP.

Assume that we have a set of planned routes (R), a set of dedicated vehicles (V) and
a set of locations (L). Let the initial and home locations of vehicle v be denoted by i,, and
h.,,, respectively. The cost of assigning route r, right after route r; to vehicle v is shown

by Cyr,r,- We define two other cost terms /., and H,.,, which are associated with the



Chapter 5: The Dedicated Vehicle Assignment Problem 113

travel of vehicle v from its initial location to the first location of route r and the travel of
vehicle v to its home location from the last location of route r, respectively. The saving
generated by replacing the spot-hired vehicle with dedicated vehicle v for route r is given
as S,,. N, stands for the non-use cost of vehicle v. RV, is a binary parameter which
indicates whether vehicle v can be assigned to route r. T1I,., represents the travel time
between the initial location of vehicle v and the first location of route r, whereas TH,.,
denotes the travel time between the last location of route r and the home location of
vehicle v. Similarly, TR,. ., is the travel time between the last location of route r; and the
first location of route r,. RD,. is the total duration of route r and RT, is the required rest
time after completing route r. ES,. and LS, are the earliest and latest start times of route
r. AL, denotes the time until arrival to location [ in route r and UT; is the unloading time
at location L. Finally, we introduce the binary parameter TR;,. ,.,, which takes the value of
one if there is a transfer from route r; to route r, at location [ and zero, otherwise. We
assume that M is a sufficiently large number.
Decision variables of the model are defined as follows:

1,if vehicle v executes route r, right after ry

b . veEV,r,m ERr  # 1
VT2 0, otherwise iz L 2
1,if ris the first route executed by vehicle v
frv J . / y velV,reR
0, otherwise
1,if ris the last route executed by vehicle v
by J . y vEV,r€R
0, otherwise
1,if route r is assigned to vehicle v
Yrv f . g veEV,reR
0, otherwise
1,if vehicle v is used
Uy . vevV
0, otherwise
a, . Start time of router rE€R

The resulting MILP formulation is given as follows:
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Maximize Z Z N Z N,u, — Z Z Z Coryry Xvr,r,
TER VEV veEV T1ER T2€R vey
1T, (5.1)
- Z Z(Irv f;‘v + Hrvlrv)
TER VEV
subject to
fro <1 veEV (5.2)
ﬁ'v+zxvrr:lrv+zxvrr
& 2 & 1 veEV,rn €ER (5.3)
r1#0 r1#0
Ly + Xvrir, = Yriv
et v ! veV,r ER (5.4)
r1#0
Yrv < RV veEV,r€R (5.5)
Uy < Zyrv veEV (5.6)
TER
—a, +TL, <M1 - f,) veV,reR (5.7)
ar —ay, + RD, +RT,. +TR,,, <M (1 — z xvrm) 1 €ERr#= 1, (58)
vev
ES, <a, < LS, r€E€R (5.9
1,72 ER,1y #F 1y,
ar, + ALy, + UT; < a,, + ALy, L€ L TRy, =1 (5.10)
veV,r,rn €R
Xpr,r, € {0,1 2= (511
vriry { } rl i ’)/'2 ( )
fro €{0,1} vEV,r ER (5.12)
l, €{0,1} veEV,reR (5.13)
yro € {0,1} veV,reR (5.14)
u, € {0,1} vevV (5.15)
a-=0 r€E€R (5.16)
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The objective function (5.1) is composed of four components. The first component
represents the saving created by replacing the initial spot-hired vehicle of the route with
a dedicated one. In the initial case, none of the dedicated vehicles are used. Therefore, we
assume that a vehicle non-use cost is incurred for all vehicles. The second component of
the objective function increases the total saving by adding the non-use cost of vehicles
which are used. Three types of empty travels are encountered for a dedicated vehicle: the
travel of the vehicle from the last location of one of its assigned routes to the first location
of its succeeding route, the travel of the vehicle from its home location to the starting
location of its first assigned route and the travel of the vehicle from the last location of its
final route to its home location. The third and fourth components of the objective function
account for empty travel costs in these cases.

Constraint (5.2) ensures that a dedicated vehicle can be assigned to at most one route.
Constraint (5.3) indicates that once a vehicle performs a route, then it either switches to a
new route or travels to its home location. Constraint (5.4) requires that a vehicle is
assigned to a route if and only if it switches to a new route or travels to its home location
upon the completion of the route. A vehicle can be assigned to a route only if the route is
initially assigned to a vehicle type which has the same or smaller capacity. This
requirement is imposed by constraint (5.5). Constraint (5.6) implies that a vehicle is said
to be used only if it is assigned to at least one route. Constraint (5.7) guarantees that the
starting time of a route is greater than or equal to the travel time between the origin
location of the vehicle assigned to it and its starting location. Constraint (5.8) ensures that
there is a resting time and an empty travel time between two successive routes performed
by a vehicle. Constraint (5.9) states that the starting time of any route should be between
predetermined time windows, which can be specified by the customers. Synchronization
of the routes is maintained through constraint (5.10). This constraint requires that in case
of a transfer from one route to another, the arrival time of the receiving vehicle is greater
than or equal to the time at which the associated orders are unloaded at the cross-docking
location. Constraints (5.11) to (5.15) and (5.16) ensures the binarity and non-negativity
of decision variables.

Another real-life constraint dictates that the dedicated vehicles should return to their
home locations before a designated deadline denoted by D,,. In order to incorporate this

requirement into our model, we introduce a new variable, h,,, which represents the arrival
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time of vehicle v at its home location. We add two new sets of constraints to our model

to ensure that this requirement is fulfilled:

a, —h, + RD, + RT, + TH,, <M(1—1,,) vE€EV,reR (5.17)
h, <D, veEV (5.18)

The presented problem accommodates a selective approach, that is, not all routes are
necessarily assigned to a dedicated vehicle. Furthermore, route dependency constraints
are defined to attain synchronization of the orders. The next section describes the solution

approach we propose for addressing the DVAP

5.2 Solution Approach for the DVAP

The solution algorithm for the DVAP intends to solve the problem by assigning vehicles
to the route obtained through the output of the LTLP and FTL orders. An exact solution
to the DVAP problem can be found by solving the MILP model developed for the
problem. However, preliminary experiments show that the MILP model is
computationally difficult to solve for instances with several hundred routes. In fact, in the
case with 10 dedicated vehicles, the solver is not able to find the optimal solution within
3 hours for instances with more than 30 routes. In order to handle this issue to some extent,
we develop a constructive heuristic algorithm to supply the MILP solver with a feasible
initial starting solution. The aim of the constructive heuristic is to improve the overall
performance of the solver when it is run with a time limit.

The general flow of the constructive algorithm is illustrated in Figure 5.3.
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Figure 5.3. Constructive Heuristic for the DVAP.

We assume that there is a predecessor-successor relationship between some of the
routes derived from the solution of the LTLP. This relationship exists if one route
(successor) acquires one or more orders from another route (predecessor) at a cross-dock
terminal. At the beginning of the algorithm, we initialize the list of candidate routes with
routes having no predecessors.

Note that the list of candidate routes for a vehicle consists of only routes which are
compatible with that vehicle. A vehicle compatible with a route if the total order size
carried along the route is no greater than the capacity of the vehicle.

In the following step, we sort the list of candidate routes by first the total route
distance (in descending order) and next the minimum vehicle-route irrelevance score (in
ascending order). Vehicle-route irrelevance score (1S,,) is calculated based on the current
location of the vehicle (CL,), vehicle release time (T,) and the deadline (D,) for the
vehicle to return to its home location (HL,). The value of vehicle-route irrelevance scores
is updated as the algorithm proceeds. Let the first and last locations within a route be
represented by FL, and LL,.. The distance between two locations, [, and [, is given by

Hy,,,. The vehicle-route irrelevance score for vehicle v and route r is calculated as:
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2

T,
1Sy, = HCL,,FL,- + (D_v> HLL,«HL,, (5.19)
v

The main idea behind multiplying the return distance from the last location of the

2
route to the home location of the vehicle (H,; g, ) by the coefficient (;—") is to increase

the effect of H,;,_y,, on IS, asthe deadline for returning to the home location gets closer.

Once the list of candidate routes is sorted, we pick a route from the top n routes in the
list by a roulette wheel mechanism, where the probability of being selected for any route
Is proportional to minimum vehicle-route irrelevance score among all compatible vehicles
of the route. After selecting the route, we pick the vehicle which has the minimum
irrelevance score with the route and check if their assignment is feasible. The following

conditions must hold for a feasible route-vehicle assignment:

e Start time of the route is between its earliest and latest start times.

e There is enough time left for the vehicle to return to its home location upon

completing the route.

e |If the route has any predecessors, arrival time at associated cross-docks is no

earlier than the unloading time of orders to be acquired.

e |f the route has any successors, unloading time of the orders to be transferred is
no later than the maximum arrival time of the vehicle executing the succeeding

route at the associated cross-docks.

These conditions ensure that the route dependency constraints hold. If the assignment
is not feasible, the algorithm continues by picking another route from the list of candidate
routes with the same roulette wheel selection mechanism. The algorithm terminates when
the end of the list is reached and reports the assignments formed up to that point. The
route-vehicle assignment is established if it is found to be feasible. In this case, location
and the release time of the vehicle are updated, and the route start time is set to the earliest
possible time. The route is removed from candidate routes’ list and it is labeled as
“processed”. If all predecessors of a non-processed route become processed, then this

route is added to the list of candidate routes. Afterwards, vehicle-route irrelevance scores
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are updated for all elements in the list. Then the list is re-sorted, and the algorithm
continues.

We performed several tests to understand the effect of employing the constructive
heuristic before solving the MILP model on the best integer solution value and optimality
gap for time-limited solutions. Since the heuristic is quite fast, we run many different
replications in parallel and feed the MILP solver the solution with the maximum objective
function value. Results of these tests indicate that having an initial starting solution
reduces the optimality gaps by 20% to 60%. It also improves the best integer solutions by
10% to 30%, depending on the size of the test instance. These results reveal that when the
constructive heuristic is employed to provide an initial feasible solution to the MILP, the
overall quality of the solutions obtained increases significantly.

In the next section, we present the results of our computational experiments
conducted for the DVAP.

5.3 Computational Experiments for the DVAP

In this computational study, we solve the DVAP through the solution approach presented
in the previous section. We aim to understand to what extend the DVAP is capable of
reducing the solution cost of the LTLP. We run our experiments by using several LTLP-
C outputs as inputs to the DVAP. We solve the LTLP-C instances using the matheuristic
algorithm presented in Section 4.2.2. We impose a time limit of 10 minutes (600 seconds)
on each LTLP-C-Sub. Results obtained from the matheuristic are passed on to the DVAP
algorithm. We provide an initial starting solution to the MILP model for the DVAP by
running the constructive heuristic. Then we solve the MILP model for the DVAP with a
time limit of one hour (3,600 seconds). We run 100 replications of the constructive
heuristic in parallel and pick the solution with the maximum solution profit. Three
instance types 1Z-10L, 5Z-10L and 10Z-10L, with four instances from each type are used
in our experiments. For each such instance, we test two alternative scenarios where 5 and
10 dedicated vehicles of two physical vehicle type are available. For instances with 5 and
10 dedicated vehicles, there is an initial total vehicle non-use cost of 600 and 1,250,
respectively. Values of the parameters related to the DVAP algorithm are provided in
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Appendix F. The notation associated with the results are tabulated in Table 5.1 while the

actual results are presented in Table 5.2.

Table 5.1. Description of Result Parameters.

Parameter Description
Nyeh Number of dedicated vehicles available
Cirip Total cost of LTLP solution
| U Initial solution profit achieved by running the constructive heuristic
Pyl Total solution profit achieved by solving DVAP model
Cpvap Final solution cost after deducting DVAP saving from LTLP cost
%Apyap Percentage improvement achieved by DVAP
T Solution time for constructive heuristic (sec)
THLE Solution time for running the MILP for the DVAP (sec)
Gpvap Optimality GAP of MILP for the DVAP

Table 5.2. Results of DVAP Algorithm.

Instance

17-10L-20
17-10L-50
17-10L-100
17-10L-200
5Z-10L-20
5Z-10L-50
5Z-10L-100
5Z-10L-200
10Z-10L-20
10Z-10L-50
10Z-10L-100
10Z-10L-200
1Z-10L-20
17-10L-50
17-10L-100
17-10L-200
5Z-10L-20

Nyep

oo o1 o1 o1 o1 o1 o1 o1 o1 o1 o1 O

[ =
O o o o o

Cirie P3Var  PEV4P  Covar %Bpyap Thvap THi4e
9347.63  3257.20 3529.85  6417.78 35.5% 0.85 0.92
1882409 673139 738446  12030.63 38.0% 151 3613.37
3138389  6650.20 752499  24458.91 23.5% 261 360384
55241.80  6312.88  7621.88  48219.92 136% 480 3607.59
40602.09 1413.70 5923.01 35279.08 14.4% 1.27 3607.13
96982.23 4255.26 13552.64 84029.59 13.9% 2.91 3601.02
16777122 535410 1118561 157185.60 6.6% 537 3600.78
289992.31 5675.72 10617.99 279974.32 3.7% 12.09 3607.86
55458.41 247811  7358.32  48700.09 13.1% 159  3606.37
123990.71  2091.65 10118.23 114472.48 8.1% 226 360137
21645053  4025.84 12242.46 204817.07 5.6% 5.48 360177
38794156  4838.65 12944.71 375596.85 33% 1297 3606.78
9347.63 3272.16 3979.85 6617.78 37.6% 0.84 1.78
18824.09 7488.26 7951.43 12122.66 39.6% 2.65 3603.22
31383.89 11245.01 11759.31 20874.58 36.0% 490 3607.02
55241.80 12847.67 14561.50 41930.30 25.8% 9.33 3613.98
40602.09 239502 748879  34363.30 17.9% 211 37677

Gpyap
0.0%
2.3%

55.6%
161.4%
16.2%
67.8%
276.7%
629.9%
44.4%
147.1%
307.9%
603.1%
0.0%
0.7%
3.4%
39.9%
0.0%
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5Z-10L-50 10 9698223  4842.70 19844.14  78388.08 20.2% 527 361095  182%
5Z-10L-100 10 167771.22  10181.07 20380.37 148640.85 121% 1090 360158  110.0%
5Z-10L-200 10 289992.31  12276.08 18691.31 272551.00 6.4% 2208 360154 318.1%
10Z-10L-20 10 5545841 182511 9823.11  46885.30 17.3% 225 360547  15.7%
10Z-10L-50 10 12399071  2883.86  3529.85 112586.04 10.1% 501 360173 103.2%
10Z-10L-100 10 21645953 257091  7384.46 204138.10 6.2% 9.87 360195 273.3%
10Z-10L-200 10 38794156  7786.03  7524.99 373655.16 40% 2181 360234  489.9%

The MILP for the DVAP models a computationally difficult problem and evidently it
cannot be solved optimally by commercial solvers for most of the instances with tested
sizes. Since we provide a feasible initial starting solution via our constructive heuristic, a
certain amount of saving is generated even for the largest instances. Since DVAP is a
maximization problem, the optimality gap represents the percentage difference between
the objective function upper bound and the best integer solution value. The optimality
gaps of the MILP are quite high, especially for instances with more than 20 orders.

In order to understand the behavior of the solver when the MILP is solved and the
reason for the high optimality gaps, we analyze the upper bound and lower bound values
obtained throughout the solution period. Figure 5.4 represents the changes in the upper
bounds and lower bounds for selected instances which are 5Z-10L-50 (a), 10Z-10L-50
(b) and 10Z-10L-100 (c) with 5 dedicated vehicles and 5Z-10L-100 (d) and 1Z-10L-200
(e) with 10 dedicated vehicles. In all figures, the y-axis denotes the solution cost and the
x-axis shows the solution time. The blue lines and orange lines designate the upper bound
and lower bound values, respectively.

The figures associated with the solution of the selected instances demonstrate that
while the solver was capable of improving the lower bounds to some degree throughout
the solution period by finding better feasible solutions, the improvement in the upper
bounds is quite limited. Therefore the high solution upper bounds is the main driver

behind the high optimality gaps in the related DVAP instances.



Chapter 5: The Dedicated Vehicle Assignment Problem 122

25000 oo to—=0 L L \ 4 @
20000
15000 ° P~ P~ ®
10000
5000
0
0 400 800 1200 1600 2000 2400 2800 3200 3600
(@)
30000
25000 ouD—-o-0—0—00-80 00— @ L L J
20000
15000
10000 L 4 @
5000
0
0 400 800 1200 1600 2000 2400 2800 3200 3600
(b)
60000
50000 @ -0 L L L L J
40000
30000
20000
10000 '7 —-C @ . .  J
0
0 400 800 1200 1600 2000 2400 2800 3200 3600
(c)
50000
40000 [ 4 @ " < g @ @
30000
20000 : S ————@ —o
10000 @o®—
0
0 400 800 1200 1600 2000 2400 2800 3200 3600
(d)
22000
20000 (@GS’ L 000—& L —0 —0 L L
18000
16000
12000
10000
0 400 800 1200 1600 2000 2400 2800 3200 3600
(e)

Figure 5.4. Progression of the Lower Bound and Upper Bound Values During MILP
Solution for Instances with 5 Dedicated Vehicles (a) 5Z-10L-50, (b) 10Z-10L-50,
(c) 10Z-10L-100 and 10 Dedicated Vehicles (d) 5Z-10L-100, (e) 1Z-10L-200.
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An interesting remark can be made about the effect of the number of dedicated
vehicles on the optimality gaps. Although a higher number of vehicles renders the MILP
model more complex in terms of the number of decision variables and constraints, the
optimality gap of each instance with 10 dedicated vehicles lower than that of the
associated instance with 5 dedicated vehicles (except instance 1Z-10L-20, which is solved
optimally in both cases). The reason for this can be understood by examining Figure 5.5,
which illustrates the final values of the solution lower bounds and upper bounds for each
instance. Solution upper bounds are nearly the same for variants with 5 and 10 dedicated
vehicles of each instance whereas the lower bounds are higher for instances with 10
dedicated vehicles. This results in lower optimality gaps for instances with 10 dedicated
vehicles, although the underlying MILP models of these instances are larger than those
of the instances with 5 dedicated vehicles in terms of problem variables and constraints

associated with the vehicles.
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Figure 5.5. Solution Lower Bound (LB) and Upper Bound (UB) Values.

Figure 5.6 shows that the solution profit obtained within the solver time limit

unexpectedly decreases as the instance size gets larger than 100 in 5Z-10L instances with
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5 and 10 dedicated vehicles. This indicates that the quality of the best integer solutions is

low for large instances.
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Figure 5.6. DVAP Solution Profit with Respect to Instance Size.

The results of the experiment demonstrate that the percentage improvement achieved
by solving DVAP problem gets lower as the number of zones in the problem network get
higher. Moreover, having more dedicated vehicles results in better improvement rates in
general. This deduction can be supplemented by analyzing the ratio of routes performed
by dedicated vehicles to the total number of routes obtained in the solution.

Figure 5.7 illustrates the percentage of routes performed by dedicated vehicles with
respect to the problem size for each instance type. There is a higher use rate of dedicated
vehicles in problems with lower number of zones. As expected, having more vehicles

results in a higher coverage of the routes with dedicated vehicles.
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Figure 5.7. Percentage of Routes Performed by Dedicated Vehicles.

In this chapter we presented the DVAP, which can either be used as an extension to
the LTLP or can be solved on its own for assigning dedicated vehicles to previously
defined routes for FTL carriers. In the next chapter we focus on the last-mile delivery
problem, which possess another important challenge for the road transport operations of

the 3PL company.
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Chapter 6

THE LAST-MILE DELIVERY PLANNING PROBLEM

This chapter addresses the last-mile delivery planning problem (LMDP) of the 3PL carrier
we are engaged with. From perspective of the company, last-mile delivery operations
represent the shipment of products from a central depot, which can be a regional
warehouse or distribution center, to end customers and small shops. The 3PL company
operates in over thirty last-mile delivery networks. These operations are independent and
each employs a dedicated fleet to fulfill the customers’ delivery requests.

Last-mile delivery is one of the main challenges in city logistics, and the problem we
deal with can be easily extended to other logistics service providers, or any carriers that
are involved in distribution of goods to customers from a central depot in urban areas.
This type of problems are addressed by Vehicle Routing Problems (VRPs) by researchers.
The problem we aim to handle incorporates many practical rules and constraints and has
several distinctive characteristics arising from real-life requirements. In that respect, it
can be classified as a “rich” VRP.

In the rest of the chapter, we provide a definition of the problem along with a
mathematical programming formulation. We propose a Hybrid Evolutionary Algorithm
(HEA) to solve practical instances of the problem. In the computational study, we first
compare the results of HEA against the mathematical programming solver results for
small instances. Then we run a comparison with benchmark instances of a special version

of the problem.

6.1 Problem Definition

In the Rich VRP that we address, deliveries are carried out by different types of
vehicles. There is a fixed cost associated with the daily usage of a vehicle. Additionally,

a variable cost is incurred in proportion to the distance traveled by each vehicle. Fixed
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and variable cost coefficients and vehicle capacities vary from one vehicle type to
another. The vehicle fleet size is limited and the maximum number of vehicles that can
be used in a single day is known for each vehicle type. A trip is defined as a sequence of
visits to delivery locations and it starts and ends at a given depot location. Vehicles can
perform more than one trip in a single day. In accordance with this property, we name the
problem can be classified as a Multi-trip Rich VRP (MTRVRP).

Daily shift start and end times are defined for drivers of the vehicles. An overtime
compensation is paid if the drivers work beyond their shift end times. Vehicles have
specific final locations, which usually represents the home of the truck driver. Any used
vehicle returns to its final location at the end of the shift. There is a time window
associated with each delivery, that is, the vehicles are expected to arrive at each customer
location within a designated time interval. Early arrivals are not allowed. Therefore, even
if the vehicle arrives at a customer location before the earliest delivery time, it has to wait
until the time window start time. Late arrivals are possible, but a penalty fee is paid based
on the amount of delay. There exists a service time for unloading operations at the
customer locations depending on the size of delivery. Similarly, a certain amount of time
is consumed for reloading operations at the depot. Each customer can be served by a
restricted set of vehicle types, which are referred to as the accessibility restrictions. This
limitation arises from two practical requirements: Large vehicles cannot enter congested
areas and some vehicles can only serve customers in specific regions. It is possible that a
customer is left unserved, in which case an unfulfillment cost arises. This cost depends
on the size and the importance of the order.

The problem is defined on a directed graph with the set of nodes (N *) and set of arcs
(A*). We formulate the problem as an MILP model. The description of sets, parameters,

decision variables and the mathematical model formulation is provided as follows:

Sets:

N: Customer nodes, N = {1,2, ..., n}

N*: All graph nodes including depot {0}, dummy trip-ending node {n + 1} and vehicle
final nodes defined as E = {e;,:k € V}where Nt = Nu{0}ju{n+1}UE

A: Setof all arcs (i,j) wherei e NU{0},j e NU{O} UE andi # j
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At: Set of all arcs including a dummy arc between the dummy-trip ending node and depot,
AT =Au{(n+1,0)}

V: Vehicles

R: Trip indices

Parameters:

Bu {é: ij;}f::vt‘}czzer i can be served by vehicle k iENKEV

citjk : Traveling cost on arc (i,j) by vehicle k (i,j)eAkeV

c,{ . Fixed cost of using vehicle k keV

cr . Overtime cost per hour per vehicle k keV

cl-l Late delivery penalty per hour for customer i IEN

c . Cost of not visiting customer i IEN

qi . Demand of customer i IEN

Qx . Capacity of vehicle k keV

S; . Unloading time for customer i IEN

Ok . Loading time of vehicle k at the depot keVv

tij . Travel time on arc (i,j) (i,j)eA

a; . Time window start for customer i IEN

b; . Time window end for customer i IEN

dy . Normal working hours for vehicle k keVv

Decision Variables:

Xijkr {1, if vehic.le traverses arc (i, j) onits r*" trip (i,)) € A%,
0, otherwise keV, reR
1,if customer i is visited in the r*" trip of vehiclek (€ N,k €V,

Yikr {O, otherwise r€R

2 {(1): f)j;ifil:v:it:etrip of vehicle k is used keV.reRr
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. th . . . . . .
fr (1,if the r trip of vehicle k is its final trip keVreR
0, otherwise
1 . .
- (1,if vehlc'le k is used KEV
0, otherwise
1,if customer i is not visited .
Uu; ) . IEN
0, otherwise
iENkeV,
Dikr . Arrival time at customer i by the vehicle k in its rt" tri FER
l; . Lateness of arrival at customer i IEN
Ok . Overtime work for vehicle k keV

The resulting mathematical programming formulation of LMDP is given as follows:

inimi
mimize N NN g+ Y v+ Y o

(i,j)EA KEV TER

+zcilli +ZClyui

iEN iEN
subject to

2 Xijkr = YVikr

JEN*

Zzyikr'l'ui =1

keEV reR

Yikr < BikVk

Xinkr — Z Xnjir = 0
ieNU{0} JENT

Z Xoikr = 1

ieENt

Z Xitm+Dkr T Z Xiegkr = 1

IENT IEN

kev

iENkeV,reR

IEN

IENkeV,reR

heN,keV,reR

keV,reR

keV,reR

(6.1)

(6.2)

(6.3)

(6.4)

(6.5)

(6.6)

(6.7)
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Z qiYirr < Qk keV,reR (6.8)
iEN
Pirr + Si + tij — M(1 = Xijir) < Pjier (i,j))eA keV,reR (6.9)
aiVikr < Pikr < biVikr + ;i i€ENkeV,reR (6.10)
Prm+ikr T 0k < Dok@r+1) keV,r € R\{IRl} (6.11)
Peyikr < di + 0 + M(1 — fi,) keV,reR (6.12)
Vikr < Zr iEN,keV,reR (6.13)
Zkr S Z)’ikr keV,reRr (6.14)

iIEN

Zk(r+1) — Zkr < 0 keV,reR\{|R|} (6.15)
zzkr = z T frer kev (6.16)
TER TER

Jir < Zgyr keV,reRrR (6.17)
inekkr = fr keV,reR (6.18)
iEN

kar <1 kev (6.19)
TER

Xijkr € {0,1} (i,j)eAt,keV,reRrR (6.20)
Yier € {0,1} iENkeV,reR (6.21)
Vg, 0 = 0 keV (6.22)
Pikr = 0 iENkeV,reR (6.23)
[;=0 i €N (6.24)

The objective function of the model combines five different cost components. The

first cost component represents the travel cost on an arc by a specific vehicle. In practice,

this component embodies the total fuel cost where the coefficient cf, is the cost of fuel
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consumed by vehicle k when traversing arc (i,j). The second cost component is
associated with the fixed cost of using a certain vehicle. The third and fourth cost terms
demonstrate the overtime cost incurred due to delays in total route completion time and
the penalty cost for late arrivals at customer locations, respectively. The cost of leaving a
customer unserved is established in the last cost component.

Constraint (6.2) ensure that each customer is visited at most once. A customer is
considered to be unserved if it is not visited by any vehicle (6.3). Constraint (6.4) enforces
the accessibility restriction for each vehicle. Flow balance within each route is guaranteed
by constraints (6.5) — (6.7). Vehicle capacity limits are imposed by constraint (6.8). The
time schedule within a trip is established by constraint (6.9), which also eliminates
possible subtours. Constraint (6.10) demonstrates the time windows for customer arrivals
whereas constraint (6.12) defines the soft duration limit on the total route time. The time-
synchronization of trips within a route is satisfied through constraint (6.11). Constraints
(6.13) and (6.14) ensure that the variable z,, is assigned to its appropriate value.
Constraint (6.15) is a symmetry breaking valid inequality. This constraint ensures that a
trip with a large index cannot be initiated unless the trips of the same route with the
smaller indices (if any) are performed. Constraints (6.16) — (6.19) guarantee that each
used vehicle returns to its designated final location upon completing its last trip.

Our preliminary experiments have shown that the MILP model we propose is
intractable for practical size problem instances. Although it differs from region to region,
the 3PL company processes around 200 last-mile delivery orders on average per day per
network. Therefore, an alternative strategy is required for solving LMDP instances. In the
next section we present a hybrid evolutionary algorithm, which aims to provide high

quality solutions to practical size problems.

6.2 Hybrid Evolutionary Algorithm

Evolutionary algorithms have been widely used for solving different variants of VRPs.
Hybridization techniques aim to improve the performance of evolutionary algorithms for
real-world problems with high complexity. We propose a Hybrid Evolutionary Algorithm
(HEA) which exploits solutions with an Adaptive Large Neighborhood Search (ALNS)
heuristic within a parallelized genetic algorithm framework. Each element of the
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algorithm is designed in such a way that the practical requirements of the LMDP are
handled. In this section provide an overview of the HEA followed by the details of each

algorithm component.

6.2.1 Overview of the Algorithm

The pseudocode of the HEA is provided in Algorithm 6.1. Firstly, the initial population
is formed in steps 1 through 5. Algorithm starts with the construction of n,,,, initial
chromosomes in the form of customer node arrays via a randomized greedy approach.
Each chromosome then goes through a splitting procedure which partitions the arrays into
vehicle trips. Each solution obtained is exposed to mutation via destroy and repair
operators of the ALNS algorithm. The resulting pool of modified solutions constitute the
initial population of the problem. The construction, splitting and mutation operations are
carried out in a parallel fashion using n,,.,cess distinct threads.

Steps 6 through 15 represent the improvement phase of the algorithm. The
improvement phase continues for ng,., generations. At each generation, ng.,ss New
individuals are added to the population. At the beginning, n.,.,ss pairs of parents are
selected. Two child chromosomes are generated for each pair via crossover operation.
Each child chromosome goes through splitting and mutation. The one with the lower
fitness value (f) is inserted into the population. This procedure is executed in 1, cess
parallel threads.

After all new individuals are explored, the weights of destroy and repair operators
used in mutation are updated for the next generation. Once the improvement phase is
OVer, Ny, best distinct solutions in the population undergo a boosting procedure in a

parallel fashion in order to improve the solution quality further.

Algorithm 6.1. Overview of HEA

1: Initialize weights of operators used in mutation algorithm
2: Initialize the population in n,,.,c.ss parallel threads:

3 Construct the pool of initial chromosomes where the pool size is n,,,
4: Split chromosomes

5 Mutate solutions and obtain initial population

6: Fori = 1through nge,:

7 Select n.,.,ss pairs of parents from the population
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8: Distribute n.y.oss PAIrs iNto ny,,.4ce55 groups evenly for parallel processing

9: For each group, execute steps 10 through 13 in parallel:

10: Generate child chromosomes C; and C, for each pair of parents through
crossover

11: Split chromosomes C; and C, and obtain solutions S; and S,

12: Mutate solutions S; and S, and obtain S7 and S;

13: If fs: < fs;, insert S7, otherwise insert S; into population

14: Update weights of operators used in mutation algorithm

15: If i < ng,, form the next generation by selecting n,,,, survivors, otherwise

select ny,,s: Solutions for boosting
16:  Boost 1405 SOIUtIONS IN 71,455 Parallel threads through ALNS algorithm and
report the best solution

6.2.2 Construction of Initial Chromosomes

Any chromosome used within the hybrid evolutionary algorithm has two elements: A
permutation of customer nodes (C,,,4e5) and a permutation of vehicles (Cpepicies)- Before
constructing the initial chromosomes, we first calculate a modified distance figure

between each customer pair, denoted by §;; for customer nodes i and j. &;; depends on
the distance between the nodes (d;;), whether the nodes have the same allowed vehicles
or not (g;;) and the difference between the time windows of the two nodes (w;;).

gij equals to 1 if i and j can be served by the same set of vehicles and y, otherwise.
w;; equals to 1 if the time windows of i and j overlap and p,|(a; + b;)/2 —
(a; + bj)/2|, otherwise. u; and p, are coefficients normalized for a proper modified

distance measure.
The modified distance is calculated as:
The algorithm for construction an initial chromosome (C) is given in Algorithm 6.2.

Algorithm 6.2. Construction of Initial Chromosome

Initialization: C,pges := (), Cyenicies := A random permutation of vehicles
Pick a random node, remove it from N and append it to C,,4es
While |N| > 0, do:

Sort the nodes j € N in ascending order by &;; where i is the last node in

Cnodes
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5: Randomly pick a node from the top n.,,, elements of N, remove it from N and
append it to Cppges
6: Let C := (Choges Coenicres) and return C

6.2.3 Split Algorithm

The purpose of split algorithm is to partition C,,,4.s Of @ chromosome C into vehicle trips
feasible in terms of capacity constraints with respect to the given vehicle ordering
Cyenicies- The output of the split algorithm is a solution S = (T, U) where T represents
the trips and U is the set of unserved customers. Assume that Cpenicies = (1, ..., |V]) and

the trip indices range from 1 to r; for vehicle i. T;; denotes the ordered set of customer

nodes in the j* trip of vehicle i. Then, T takes the following form:

T = ((Ul, (Tlli le ey Tlrl)) ) sany (Ulvl, (T|V|1' T'|V|2 ey TlVlTIVI))) (626)

Let us consider the following example. C = ((1,2,3,4,5,6,7,8,9,10), (A, B, C)). Letus
assume that in the solution (S) we obtain by splitting C, customers 1-3 are assigned to the
first trip of vehicle A, customers 4-5 are assigned to the second trip of vehicle A4,
customers 6-8 are assigned to the first trip of vehicle B and customers 9-10 are unserved.

The solution representation for the given example would be as follows:

S= <<(A, ((1,2,3), (4,5))) , (B, ((6,7,8))) (€, ( ))) , {9,10}) (6.27)

We model the splitting problem as a shortest path problem from a dummy source node
s to adummy sink node t. Every other node in the problem network is represented by the
index of the node and the ordered list of unused vehicles such that n = (1,,,;,) where I,
represents the index of the node associated with n and 1}, is a permutation of vehicles that
are not used until arriving at n. We employ only forward arcs in our network, that is, the
index of the origin node of an arc is always smaller than that of the destination node. We
define three types of arcs. Trip arcs are associated with the list of trips to be performed
by a certain vehicle. These are represented by the origin and destination nodes, vehicle
and trip  information. Any trip arc a is denoted by a=
(orga, desty, Vg, (Ta1, Taz --»Tar,) ) Where org, is the origin node, dest, is the

destination node, v, is the vehicle associated with arc a, r, is the number of trips within
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a and T; is the ordered list of visited customer nodes in the jt" trip of a. The next arc
type is called vehicle-skipping arcs, which is a special case of trip arcs where the trips are
empty, hence the vehicle is not used. Arcs of this type are shown as a =
(orgy, desty, vg, () ). The final arc type, which is named as the non-serving arcs,
represents unvisited customers. All arcs of this type has the destination node ¢, which is
the dummy sink node. This means that non-serving arcs cannot be succeeded by trip arcs
and only the customers closer to the end of the chromosome can be unserved. A non-
serving arc is denoted by a = (org,, t,U,) where U, stands for the set of unserved
customers by arc a.

There can be more than one trip arcs between origin and destination nodes depending
on the number of trips and the distribution of customer nodes among trips. Including only
the arc with the minimum cost between each origin and destination node would be
sufficient for solving the shortest path problem optimally.

Cost of trip arc a = (org,, desty, v, (Ta1, Taz - Tar,) ) Can be calculated as

follows:
| Tar|—1 Ta—1
— t t
- Z COTarlva + z TarlTar(l+1)Va + Z CTarl Tar|0a + CTara|Tara|eVava
r=1 r=1
Ta | Tarl Ta | Tarl (628)
+c +cv Oa+z Z ctl; +z 2(1 Biv, )’
r=1 i= r=1 i=

Cor,,,v, 1S the travel cost from the depot to the first customer node in the rt" trip of
arc a, where 0 represents the depot and T,,.; denotes the it customer node in the " trip

of arc a. Similarly, c%mT is the travel cost from the i*" customer node to the

il'ar(i+1)Va
(i + 1) customer node in the r*" trip of arc a. At the end of every trip except for the
last one (7, ‘" trip), the vehicle is assumed to return to the depot. The cost associated with

this travel is represented by C%aTIT ,- On the other hand, after its last trip, the vehicle

ar 0V
returns to a specific final location, e, . Cost of this trip is shown by ck v, Fixed

arg| Targ|®va
vehicle cost is also incorporated into the arc cost, which is denoted by c . Overtime (o,)
and late arrivals for each customer (l;) are calculated for each arc. The respective cost
terms are ¢p_o, for overtime and c}1; for late arrivals. Biv,, is the binary parameter which

takes the value of one if customer i can be served by vehicle v, and zero, otherwise. We
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penalize assignments violating the accessibility restrictions with a cost term of ¢” for each
customer node.

Cost of vehicle-skipping arcs are zero whereas cost of a non-serving arc a =
(orgq,t,Uy,) is calculated as ¢, = ¥;ey, ¢ Where ¢;* is the cost of not visiting customer
i

Let us recall the example chromosome C = ((1,2,3,4,5,6,7,8,9,10),(4,B,()) .

Assume that we have three different split solutions which are given as:

S, = <((A, ((1,2,3))) , (B, ((4,5))) (C.( 6,7,8))) , {9,10}) (6.29)
S, = (((A, (123, 49)).(B.((67.8))).(¢.00)). {9,10}) (6.30)

S, = (((A, ((1,2,3), (4,5,6))) , (B, ((7,8))) ,(C, (9,10 ))) { }) (6.31)

Each solution can be represented as a path from s to t in the problem network. S;, S,

and S5 are illustrated as blue, red and green paths in Figure 1, respectively.

O O O O O O O
@) D) ED) w0 G0 G0 oy el o i)

ag @10

6 6 o e e omelNe

1) (2©) @B (@© 5.(0)) (6,(0) (7,@»)/(8,(6)) (9.(0) (10,(0)

OO 50 O 0O

(1,B,0) (2.(B

O,

(0,(4,B,0)

Figure 6.1. Example Solutions to Splitting Problem.

In the example provided, arcs a; — a; and a4, represent trip arcs, whereas ag is a
vehicle-skipping arc and aq and a,; are non-serving arcs.

Calculating arc costs is computationally difficult and generating the whole problem
network would be time consuming. Therefore, we propose a heuristic approach for the

splitting problem in which only arcs that satisfy a minimum capacity utilization (&) for
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each trip are considered. We also exclude the arcs in which the vehicle capacity is

exceeded in order to maintain the feasibility of the solution.

Pseudocode of split algorithm is provided in Algorithm 6.3. The approach we take is

similar to Dijkstra’s shortest path algorithm. The main difference is that rather than

constructing the whole problem network at the beginning, we add new nodes to the

network as we explore the arcs that satisfy the conditions we defined.

Throughout the algorithm, we maintain a list called process, which includes the nodes

to be processed. cost(n) represents the minimum total cost of arcs up to node n. pred(n)

shows the predecessor of node n.

Algorithm 6.3. Split Algorithm

1:

© XN RN

-
e

MNNNNNNNRE R R R R R PR

Initialization: s := (0, Cpenicies) Process := {s}, cost(s) := 0, cost(t) := oo,
pred(s) « Null
While process is not empty do:
Select the first node n from process and remove it from the list
If [V,] > 0:
For r = 1 through |R|:
Create feasible trip arcs emanating from node n with r trips
For each arc a created:
If dest, has not been created before:
Vaest, - All elements of 1, except the first vehicle

dest, := (Idesta' Vdesta)
pred(dest,) :=n
cost(dest,) := cost(n) + ¢,
Append dest, to process
Else if cost(n) + ¢, < cost(dest,):
pred(dest,) :=n
cost(dest,) := cost(n) + ¢,
Else:
Ug = {m € Croges: Im > In}
Create non-serving arc a = (n, t,U,)
If cost(n) + ¢, < cost(t):
pred(t) :=n
cost(t) := cost(n) + ¢,
Obtain solution S using predecessor information going from ¢t to s
Return S
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6.2.4 ALNS Operators

ALNS algorithm relies on the use of several removal and insertion heuristics, which are
also known as destroy-repair or ruin-recreate operators. Using more than one heuristics
increase the robustness of the methods and ease the handling of various types of problem
characteristics.

We use ALNS operators in the mutation and boosting phases of our hybrid
evolutionary algorithm. We employ six destroy and four repair operators and their

variations.

Destroy Operators

Destroy operators remove a number of customers from the solution at each iteration.
The operators used within our method are violation of accessibility restriction removal
(VARR), random removal (RR), worst removal (WR), modified distance removal
(MDR), largest earliness removal (LER) and largest lateness removal (LLR).

By applying a destroy operator to a solution, we obtain a new solution where the
removed customers are added to the set of unserved customers. Recall the example

solution from the previous section:

S= <<(A, ((1,2,3), (4,5))) , (B, ((6,7,8))) (€, ( ))) , {9,10}) (6.32)

If we remove customers 2, 4 and 8 from S, we obtain a new solution S*;

G = (((A, ((1,3), (5))) , (B, ((6,7))) (€, ( ))) , {2,4,8,9,10}) (6.33)

The change in the total fitness value is simply fg+ — fs. Next, let us describe the

destroy operators in detail.

Violation of Accessibility Restriction Removal (VARR):

Split algorithm does not guarantee that the customers are always served by their
allowed vehicle types. Therefore, we remove the customers that violate accessibility
restrictions from the solution in order to make the solution feasible at the beginning of

the mutation procedure.
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Random Removal (RR):

The RR operator simply selects D% of the customer nodes that are assigned to a trip

and makes them unserved.

Worst Removal (WR):

The aim of the WR operator is to remove customers that are most expensive to keep
in their current trips. The total cost of a vehicle route, which may consist of one or more

trips, is calculated in the same way as the cost of trip arcs in the split algorithm. Given a

route T; = (vi, (Til,Ti2 ...,Tirl.)) performed by vehicle v;, the total cost of route (cr,) can

be found as:
T | Tir|-1 ri=1
_ t t t t f
‘ry = z CoTipqv; T Z CTiroir(j+1)Vt + Z CTL-T| T, OVi + CTiri|TiT.|€vivz + Gy
r=1 j=1 r=1 t
6.34
Ti | Tirl Ti | Tirl ( )
+cgo; + L+ (1-Bjp,)c”
Cy;0i Gt Jjvi)€
r=1 j=1 r=1 j=1

By removing a customer from its trip, we obtain a new route T;* with the cost of Cry-

The WR operator removes D% of the nodes from their trips iteratively by selecting the

one of which removal results in the maximum reduction in the route cost.

Modified Distance Removal (MDR):

The MDR operator makes use of the modified distance between two customer nodes,
which is denoted by &;; for nodes i and j. The MDR procedure starts with the removal of
a random customer from its trip. Iteratively, the customer having the lowest modified
distance with the last removed customer is selected and pulled out from its trip until D%

of the nodes are removed.

Largest Earliness Removal (LER):

The LER operator aims to remove the nodes which cause the vehicles to wait the most
due to arriving earlier than the time window start times. p; denotes the arrival time of

vehicle to the customer whereas a; is the earliest time to start service for node i. Nodes
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are sorted in descending order based on the value of a; —p; and up to D% of the

customers are removed from the top to bottom provided that a; — p; > 0.

Largest Lateness Removal (LLR):

The purpose of the LLR operator is to remove nodes which cause the utmost violation
of the latest arrival time. b; stands for the latest arrival time for node i. Similar to LER
operator, we rank the nodes based on the value of p; — b; and remove up to D% of them,

which satisfy p; — b; > 0, from their trips.

Repair Operators

Repair operators are used for inserting unserved customers into trips. We employ four
different types of repair operators, namely, greedy insertion (Gl), greedy insertion with
noise (GIN), greedy insertion with random selection (GIRS) and regret insertion (RI).

The feasibility of the solution in terms of vehicle capacity and accessibility
restrictions is maintained in all insertion operations.

After each insertion, the change in the solution cost is calculated for each cost
component. Act, Acf,Ac®, Act and Ac* stand for the change in the travel cost, fixed
vehicle cost, overtime cost, late arrival cost and non-serving cost, respectively. Assume

that node n is to be inserted at the s* position in the r** trip of vehicle route T; =

(vi, (T, T ...,Tl-ri)).

If node n will be inserted into a trip with existing customers, Act will be calculated

as follows:
C(t)nvi + CflTirlvi - C(gTirlvi' ifs=1
Act = C%ir(s—l)nvi + CTL;Tirsvi o C%ir(s—l)Tirsvi’ if 1<s<|Tyl (6.35)
€= %ir|Tir|nvi + C7tLOvl- - C%ir| Tir|0vl-' if s = | Tirl +landr < Ti '
kCTt"iﬂ Ty i + Cﬁevivi - C%iﬂ T, | €vi V0 if s=|Tyl+1landr =mn
If n will be the only node in the trip it is inserted, Act is calculated as follows:
A t C(gnvi + C‘flO‘lJl" if r= Ti 6.36
<= C(gnvi + Crtle,,ivi + C7t"ir| |0 C%ir| Ty v Vi’ ifr=mn+1 (6:36)
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The change in the fixed vehicle cost, Ac/ is equal to clfi if vehicle v; has not been
used before the insertion and zero, otherwise.

Let the set of nodes in T; that will be visited later than n after its insertion be denoted
by N.,. We calculate the change in the arrival times for each node j € N, denoted by
Apj, as well as the change in the route completion time Apr,. Ac® and Ac! can be then
calculated as:

Ac® = max{O, c’ (pTi + Apr, — dTl.)} (6.37)

Act =Y jen,, max{0, ¢/ (pj +Ap; — bj)} (6.38)

Since customer n will no longer be unserved after it is inserted into a trip, Ac* = —c}.
The total change in the solution cost, Ac is simply equal to Act + Ac/ + Ac® + Act +
Act. If the value of Ac* is found to be positive for some node, then there is no need for
inserting it into the trip since keeping it unserved is less costly. The detailed description

of repair operators is provided as follows:

Greedy Insertion (GI):

The purpose of Gl operator is to find the best insertion location for all unserved
customers. The value of Ac is calculated for all nodes in U for each feasible insertion
position in the solution S = (T, U). The node with the minimum insertion cost is removed
from U and placed in its best position. This procedure is repeated iteratively until either
no further feasible insertion is possible or the minimum insertion cost is found to be

positive.

Greedy Insertion with Noise (GIN):

GIN is similar to Gl and the only difference is that a noise term is added to Ac in order
to allow diversification in the solutions. Let  be the noise coefficient and cf,,, denote

the maximum possible travel cost among any two customers where cfg =

t

max _ ¢;;,.. We generate a random number & between the interval [—1,1]. The noised

(i,j)eAkeV
cost change (Ac™) is calculated as Ac™ = Ac + nect,q,. The rest of the method is the same

as the GI operator.
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Greedy Insertion with Random Selection (GIRS):

In GIRS method, rather than finding the best insertion position for all unserved nodes,
we randomly pick a node from U and insert it into the position with the minimum cost at

each iteration. This operator is also expected to increase the level of diversification.

Regret Insertion (RD):

RI operator aims to select customers for insertion based on the difference between the
cost of inserting them to their best and second best positions. This means that, we will
regret the most if the customer with the largest difference is not inserted in its best
position. Assume that Ac; and Ac, represent the change in the solution cost for the best
and the second best insertions of a node. We calculate Ac, — Ac; for all nodes in U. We
pick the node with the highest Ac, — Ac; value and insert it in its best position. This

continues iteratively until all nodes in U are evaluated.

6.2.5 Mutation

Once a chromosome C goes through the split algorithm, we obtain a solution S, which is
usually far from optimum. The purpose of the mutation process is to alter solution S
iteratively applying ALNS operators and obtain a better solution at the end. We use a
simulated annealing approach to allow worsening operations more often at the earlier
stages of the algorithm for increasing the level of diversification. The solution undergoing
a mutation is expected to converge to a local optimum through the end of the algorithm.

Mutation is applied both in the initial solution construction and the improvement
phases of the hybrid evolutionary algorithm, with the iteration limits r;,;; and r;pyy-.
Once the split solution is achieved, VARR operator is applied first, in order to make the
solution feasible. This operator is no longer used throughout the mutation process, since
the other ALNS operators maintain the feasibility of the solutions.

Destroy and repair operators have initially assigned weights, denoted by w,,, and
Wy, , respectively where my; € DO, DO = {RR,WR,MDR, LER, LLR} and m,. € RO,
RO = {GI,GIN,GIRS,RI}. At each iteration of the algorithm, destroy and repair

operators m, and m, are selected with probabilities p,,, and p,, , where p,,, =

wmd/ZieDO w; and pmr = a)mr/ZieRO Wj.
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We define five different notations for solutions: S;,i¢, Sacts Saest Scana and Spest -
Sinit denotes an initial solution obtained by splitting. S, is the active solution in the
algorithm. S, represents the destroyed solution achieved by applying a destroy operator
to S, Scana 1S the candidate solution that is being evaluated for acceptance and finally,
Spest Stands for the solution with the lowest fitness value (f, ), since the fitness
represents the total cost of our solution.

The parameters related with the simulated annealing framework are tg:4¢, Tcyrr @nd

6, which denote starting temperature, current temperature and cooling rate. We define
acceptance probability function AP(fs__ ., fs, ..., Tcur ), Which returns the probability of
solution S.,,,4 to be accepted given that the best solution found so far is S, .., and the

current temperature is 7. This function is formulated as:

~\SScana = Spes [Teur 5
AP (f:‘;cand’beest' Tcur) - {e ( ‘ ’ t) ' Lf fscand g beESt (639)
1, otherwise

We also define the function RAND(0,1) which returns a random number in the
interval [0,1]. We denote the iteration limit with the generalized parameter x, which is
equal to k;,;, if the mutation is applied in the initial solution construction phase and rc;,
if it is applied in the improvement phase. The mutation process is presented in Algorithm
6.4.

Algorithm 6.4. Mutation Process

1: Initialization: ey, := Tsiares Sact *= Sinitr Sbest *= Sinits Pmyg = wmd/ZieDO W
for mg € DO and p,,, . = Wy, /Yicro w; for m, € RO
Fori = 1 through k:
Select destroy operator m, € DO by roulette-wheel selection with probability p,, ,
Apply destroy operator m, to S, and obtain S,
Select repair operator m,. € RO by roulette-wheel selection with probability p,,
Apply repair operator m,. to S;.5; and obtain S ;4
If AP(fs, ..+ fsy o5 Teur) = RAND(0,1):
Sact < Scand
If fScand < fsbest:
Shest *= Scand
11: Teur *=Teur * 0
12: Return Syt

-
e
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6.2.6 Crossover

Crossover process is employed to create child chromosomes from parent solutions
during the improvement phase of the hybrid evolutionary algorithm. The first phase of
crossover is the selection of two parents out of the population. The parents are selected
through a modified binary tournament. We randomly select two candidate solutions for
each parent, and the probability of being selected is inversely proportional to the fitness
level of each solution. Assume that S, and S are two randomly selected solutions to be

selected as one of the parents for the crossover operation. The probability of selecting S,

is (1/fs,)/(1/fs, +1/fs,) Whereas the probability of selecting Sz is
(1/fs,)/(1/fs, + 1/ fsy)-

Recall that a chromosome is represented as a permutation of nodes and vehicles. After
the parents are selected, the solutions are converted into chromosomes using the ordering

of nodes and vehicles in the solution. Consider the following example solution:

S= (((B, ((5.26),9.9)),(c, ((3,7,10))) (A, ( ))) , {1,8}) (6.40)

After the conversion, we obtain chromosome € = ((5,2,6,9,4,3,7,10,1,8), (B, C, 4))
for solution S. We apply ordered crossover to selected two parents’ node permutations
(Crodes)- Firstly, we randomly select two indices i and j between 1 and |C,,oqes| Where
i < j. The subsequence with indices (i, ..., j) of the first parent is copied to the first child
whereas that of the second parent is copied to the second child. For the first child, empty
positions (1, ...,i — 1) and (j + 1, ..., |Cpoqes|) are filled in the order of second parents’
nodes, skipping the ones already included between indices i and j. The same procedure
is applied to second child using the node permutation of the first parent.

The permutation of vehicles (Cpenicies) 1S €ither directly transferred from the first
parent to the first child and from the second parent to the second child, or it is shuffled
and a random sequence is used in the child chromosomes, which is useful for increasing
diversification. Both options have 50% selection probability for each crossover operation.

The newly created child chromosomes undergo split and mutation processes, and the

one having the lower fitness value is added to the population.
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6.2.7 Operator Weight Adjustment

Weights of the operators are updated at the end of each iteration of the improvement phase
of the hybrid evolutionary algorithm based on their past success. During the mutation
process, each ALNS operator gains a score of my, if it finds a new best solution, m,, if it
improves the active solution but fails to find a new best solution and m5, if it fails to
improve the active solution but the new solution is accepted. The cumulative score
obtained since the beginning of the improvement phase is denoted by II,, for ALNS
operator m. We also keep track of the number of times each operator is applied, which is
denoted by I;,,. The weight adjustment coefficient A determines the degree to which the
scores gathered will affect the weights of the operators. The weight adjustment procedure

works as follows for each ALNS operator: w,, « (1 — Dw,, + A(I11,,,/T},).

6.2.8 Survivor Selection

At the end of each iteration of the improvement phase, we need to determine the n,,,
individuals that will be transferred to the next generation. In order to keep a certain portion
of the best solutions, we sort the solutions in ascending order by their fitness values. Any
duplicate solutions are removed from the list and only distinct solutions are taken into
consideration. Top a * n,,, individuals are selected for the next generation where « is a
number between 0 and 1. The rest of the individuals are selected randomly from the rest
of the list.

6.2.9 Boosting Algorithm

In order to improve promising solutions further, top n,,,s: distinct solutions obtained in
the improvement phase undergo an ALNS algorithm in parallel. Boosting algorithm is
similar to mutation process and the difference is that operator weights are updated at every
Kyupq iterations. The number of iterations of boosting algorithm (x;,,s¢) is higher than
that of the mutation process.

The pseudocode of the boosting algorithm is presented in Algorithm 6.5. Note that
Sinit 1S the solution found in the improvement phase and the weights of the operators are

reset to their initial values before the boosting procedure.
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Algorithm 6.5. Boosting Procedure

1:

19:

Initialization: 7.y, = Tstare, Sact := Sinit» Sbest *= Sinit» Pmy = wmd/ZieDO Wi,
,,, = 0and I,,, = 0 for my € DO and p,,. = W,/ Yiero i, I, = 0 and
[, = 0form, € RO
Fori = 1 through kpe0s¢:
Select destroy operator m,; € DO by roulette-wheel selection with probability
Pmyg
Apply destroy operator m, to S, and obtain Sy,
Select repair operator m,. € RO by roulette-wheel selection with probability
Pm,
Apply repair operator m,. to S, and obtain S.;,,4
Cng =0y, + 1L, 0, i= 0, +11
If AP (fscand’fsbest’rcur) = RAND(0,1):
Sact = Scand
If fScand > beest:
Shest ‘= Scand Hmd = Hmd + 1y, l-Imr = l-Imr +m
Else if f5_ .. < fsue-
M, i= My, + 105, [y, =1y, + 1,
Else:
My, =y, + 13, [y, := 1y, + 13
TCHT' < TC'U.T‘ * 9
If (i mod Kupd) =0:
Wy =1 - Do, + A(11,,/T;,,) form € DO U RO
Pmyg = wmd/ZieDO Wi, Pm, = me/ZiERO Wi
Return Sy,

At the end of this phase, among the n,,,; boosted solutions, the one with the

lowest fitness value is reported as the final solution of the HEA.

6.3 Computational Experiments for the Last-mile Delivery Planning Problem

We conduct three sets of experiments to test the HEA for the LMDP. In the first

experiments we compare the results of our algorithm against CPLEX results for small

instances. These instances contain all the characteristics of the LMDP. Afterwards, we

test algorithm for a special case of LMDP on benchmark instances extracted from the

literature. The coded our algorithms in Python and use CPLEX 12.8 to solve the
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mathematical models. Experiments were run on a 24-core workstation with 2.40 GHz
processors and 128 GB RAM.

6.3.1 Experiments on Small Instances

Firstly, we test our algorithm against the exact MILP solution for instances generated
based on the sampling from actual customer locations and real vehicle data of the 3PL
company. Each instance has 20 customer nodes. We define five different instance types,
each having a different set of customer nodes. For each instance type, we create two
instances with low and high customer demands. In low-demand instances, q; ~ U(0,3)
whereas in high demand instances, g; ~ U(3,10) for i € N.

We assume that the same set of vehicles is available for each instance. Let parameter
ck™ denote the fuel cost per kilometer for vehicle k. The information regarding the
vehicles used in the computational experiments are provided in Table 6.1. Note that each

vehicle has a different final location to return after completing their routes.

Table 6.1. VValues of VVehicle Parameters.

Vehicle (k) ¢! ch ckm Qx
1 119 1000 0976 1856
2 233 1000 1008  17.34
3 233 1000  1.098 1552
4 233 1000 1586 3569
5 233 1000 1586  37.92

For all 5 instance types, there are 100 customer nodes in total. Figure 6.2 shows the

number of customers that can be served by each vehicle due to accessibility restrictions.
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Vehicles

Customers

Figure 6.2. Number of Customers That Can Be Served by Each Vehicle.

The values of other problem parameters used in the experiments are given as follows:

Table 6.2. Other Parameter Values.

Parameter Value
cf 500, i€N
ct 5000q;, i €N
oy 1, keV
d, 12,5, ke€V

Realistic travel times and driving distances are obtained from Google Maps API.
Service times (s;) and time windows ([a;, b;]) are provided in customer data. Figures 6.3

and 6.4 illustrate the distribution of service times and time windows among customers.
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Figure 6.3. Distribution of Service Times.

P

Figure 6.4. Distribution of Time Windows.

The list of parameters used within the hybrid evolutionary algorithm, their

descriptions and values are given in Table 6.3.

Table 6.3. HEA Parameters and their VValues.

Parameter Description Value
Nyop Number of individuals in a population 28
Ny,ocess ~ NUMber of parallel processes used for computation 28
Ngen Number of generations in the improvement phase 10
Neross Number of crossover operations to be applied at each 28

iteration
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Mpoost Number of solutions to be boosted 28
Nyop Number of candidate nodes for selection in initial 10
chromosome construction
ITh Coefficient for allowed vehicle difference. Used in 3
modified distance calculation
U Coefficient for time window difference. Used in 1.5
modified distance calculation
'3 Minimum capacity utilization per trip in split algorithm 80%
c/ Penalty coefficient for violation of accessibility 100
restrictions
D Percentage of nodes to be removed from their trips D ~ U(0.05,
0.25)
n Noise coefficient 0.1
Kinit Number of destroy-repair operations in initial solution 250
phase
Kimpr Number of destroy-repair operations in improvement 1000
phase
Kpoost Number of destroy-repair operations in boosting phase 5000
Kupd Number of iterations required for updating operator 500
weights
Tstart Starting temperature for simulated annealing —0.5fs, .,
In(0.5)
(7] Cooling rate 01
Tstart
Ty Increase in operator score if new best solution is found 5
T, Increase in operator score if the active solution is 3
improved
3 Increase in operator score if the new solution is 1
accepted
a Portion of best solutions to be transferred to boosting 0.3

Note that the initial weight of all ALNS operators are equal to 1. The maximum

number of trips that can be performed by a vehicle is equal to 2. The MILP models are
solved by CPLEX 12.8 with a time limit of 3 hours (10,800 seconds). HEA is executed

in a 28-core machine with parallel threading. The results of experiments for 10 instances

are reported in Table 6.4. fy;;.p and fz4 denote the best solution values reported by the

solver and the hybrid evolutionary algorithm, respectively. CPU times (in seconds) are

shown by Typ and Tyg,. %A represents the percentage difference between the best

solution values.
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The MILP model was solved optimally in 7 out of 10 instances. Our algorithm found
the optimal solution in 4 of these instances while the percentage difference between
solution costs is below 0.1% for the remaining 3 instances. The solver was not able to
find the optimal solution in 3 instances. Better solutions are reported by HEA for 2 of
these instances whereas the same solution is found by both methods in 1 instance.

In terms of CPU time, HEA performs significantly better than the exact solution
approach in low-demand instances. However, HEA vyields higher solution times in high-
demand instances compared to MILP solutions. The main reason behind this the high
number of iterations employed within the algorithm. Further experiments have shown that

the same results could have been achieved in much quicker with less number of iterations.

Table 6.4. MILP vs. HEA Results.

Instance Demand fuiLp MILP GAP  Tuyup fuEa Typa Y0Af
Type Type

1 Low 11409  1.5% 10814.3 11409 420 0.0%
2 Low  1256.7 1.9% 10811.6 1251.6 438 -0.4%
3 Low 10604  35% 10808.7 1058.9 420 -0.1%
4 Low 977.4 0.0% 141.8 9775 413  0.0%
5 Low 8435  0.0% 4753.3 8435 441  0.0%
1 High 40920.8 0.0% 3.7 409208 241 0.0%
2 High 189291.8  0.0% 5.3 189328.7 212  0.0%
3 High 115524.0 0.0% 2.8 1155252 228  0.0%
4 High 875120  0.0% 9.6 87512.0 241 0.0%
5 High 46433.6 0.0% 39 464336 252 0.0%

Overall, our algorithm was able to detect the same or better solutions than the solver
in 7 out of 10 instances and the differences are significantly small in the remaining 3
instances. Our algorithm is also competitive in terms of solution time, especially in

instances which are difficult to solve.

6.3.2 Experiments on Literature Benchmark Instances

The variant of the VRP we address has not been studied in the literature before with all
the characteristics involved. Therefore, we test our algorithm on benchmark instances for
Heterogeneous Fleet Vehicle Routing Problem with Time Windows (HVRPTW), which

is a special case of MTRVRP with single trips and no accessibility restrictions. Although
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the time window constraints are hard, overtimes are not allowed and all customers need
to be served for the provided instances, we run our algorithm without any changes by
giving high penalties for violation of these constraints.

We use the benchmark instances provided by Kog et al. [92], who also applied a
hybrid evolutionary approach to address HVRPTW. The instances are the extended
versions of well-known Solomon [165] instances with multiple vehicle types. We
compare or results against so-called HD instances, which represent HVRPTW problems
where a distance-based objective is employed and the fleet size is assumed to be fixed.
We use the same mix of vehicle types for each instance as the ones used by Kog et al.
[92]. There are 25 instances in total each having 100 customer nodes.

The comparative results are tabulated in Table 6.5. Solution cost and time of Kog et
al. [92] are denoted as fxoc and Tkoc, respectively. Solution times are reported in

minutes. The percentage difference (%Ay) is calculated by (fga — fxoc)/frEga

Table 6.5. Literature Benchmark Comparison.

Instance [xoc Tkoc fHEA Thea %Ay
R101 4355.41 5.19 4455.56 11.10 2.25%
R102 4356.44 6.24 4466.73 11.07 2.47%
R103 4080.16 6.57 4324.57 7.41 5.65%
R104 3954.72 5.89 4416.65 6.00 10.46%
C101 8828.94 4.25 8828.94 20.00 0.00%
C102 7080.17 3.97 7157.37 11.93 1.08%
C103 7079.21 3.99 7228.45 11.58 2.06%
C104 7075.06 2.98 7240.45 10.26 2.28%

RC101 5162.28 6.41 5385.28 14.13 4.14%
RC102 5018.05 5.24 5275.04 11.89 4.87%
RC103 4926.55 4.39 5329.37 8.39 7.56%
RC104 4995.91 4.88 5354.62 6.98 6.70%
R201 3448.76 6.74 3484.70 32.54 1.03%
R202 3308.16 8.13 3370.49 31.00 1.85%
R203 3382.39 7.49 3401.92 33.22 0.57%
R204 3018.14 5.47 3068.34 26.56 1.64%
C201 6082.38 4.21 6082.38 33.79 0.00%
C202 7618.62 3.69 7618.62 39.02 0.00%
C203 7303.37 3.67 7303.37 37.20 0.00%
C204 5677.66 511 5678.45 29.65 0.01%
RC201 5344.47 6.72 5296.61 34.23 -0.90%
RC202 4856.02 6.48 4895.23 34.41 0.80%
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RC203 4246.25 6.93 4242.63 24.77 -0.09%
RC204 4195.32 6.17 4441.58 10.73 5.54%
Average 5224.77 5.45 5347.81 20.74 2.30%

In 5 out of 25 instances, we report the same solutions as Kog et al. [92] whereas we
improve their solutions in 2 instances. The average percentage difference is 2.3%, which
shows that our method is promising. Since the computations are carried out different
machines, it is difficult to make a fair comparison in terms of solution times. But since
the difference is significant, one can say that there is room for improvement for our
method in terms of solution speed.

In addition to the presented computational experiments, we also tested HEA using the
real daily order data of the 3PL company by running it in parallel to the regular manual
planning approach over a 6-day period. The problem instances involved 225 orders per
day on average with 12 available vehicles, each having slightly different capacities.
Average run-time for HEA was around 60 seconds, while manual planning took
approximately one hour. Our algorithm was able to perform over 30% better on average
in terms of total kilometers traveled, using 2 vehicles less on average compared to the
manual planning approach, with a 100% compliance to the problem constraints. However,
we observed that the planners tend to behave prudent in preparing the route plans in order
to reduce the risk of late deliveries due to unexpected incidents. Still, the gap of 30% in
total travel distance seems promising terms of potential improvement that can be achieved
by using HEA in daily planning of last-mile delivery orders.

This chapter finalizes the discussion on the three main problems addressed related to
the road freight operations of the 3PL company. In the next chapter, we present our
concluding remarks along with the statement of further research opportunities in the

relevant areas.
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Chapter 7

CONCLUSION

In this thesis, we analyzed the road freight operations of a 3PL service provider and
developed an overall solution strategy to centralize and automate their planning processes
by addressing three novel optimization problems that can be extended to other logistics
carriers.

In this conclusive chapter, we give a summary of the work presented throughout the
thesis and recommend future research directions in terms of enhancing the problems we

dealt with and identifying new research areas.

7.1 Summary of Presented Work

In the introductory chapter, we presented our objectives and motivations for this study,
which is followed by a summary of the main contributions of our work in terms of
academic and business perspectives. The first part of literature review chapter was
allocated to an overview of the VRP literature, in which we addressed the common
extensions and solution methods proposed for this highly popular combinatorial
optimization problem. The second part of the chapter presented problem variants that are
relevant to the problems we deal with in this study.

Chapter 3 analyzed the system in detail by characterizing its main components,
underlying network and route structures. We described the existing planning approaches
employed in the 3PL company by identifying different types of planner profiles and
demonstrating the factors that are taken into consideration by them while planning daily
transport operations. The last section of this chapter proposed a general planning approach
for the road freight operations by integrating the solution techniques developed for
independent problems.

In Chapter 4, we presented two versions of the Less-Than Truckload Planning

Problem (LTLP). The first version (LTLP-C) was defined on a continuous-time planning
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horizon with synchronization requirements at cross-dock terminals. LTLP-C instances
with up to 500 orders were solved through a decomposition-based matheuristic algorithm.
Although the results were promising for small-size logistic organizations, the practical
implementation of the LTLP-C was not possible due to the size of the real problems we
needed to tackle. After a second round of analysis, we changed the scope of the problem
and defined the LTLP with Discrete Planning Horizon and Multi-period Considerations
(LTLP-DM), which was not only a better representation of the real LTL planning problem
but also less complex compared to LTLP-C thanks to a few of simplifying assumptions.
We devised a novel and more advanced matheuristic which utilized a column generation-
based method to solve sub-problems of LTLP-DM, which performed very well on real
problem instances by creating a potential saving of 7.8% in the long-term freight costs.

Chapter 5 represented the Dedicated Vehicle Assignment Problem (DVAP), which
had the purpose of assigning a limited number of dedicated vehicles to LTL and FTL
routes in order to reduce the overall freight costs through utilizing the own fleet of the
3PL company effectively. We proposed a constructive heuristic and exact MILP solution
approach for solving the problem and we were able to show the improvement potential of
our methods via computational experiments.

In Chapter 6, we addressed the Last-mile Delivery Problem (LMDP) which was
configured as a Multi-trip Rich Vehicle Routing Problem (MTRVRP). In order to tackle
this problem, we proposed a novel Hybrid Evolutionary Algorithm (HEA) which
combined a Genetic Algorithm (GA) with the Adaptive Large Neighborhood Search
(ALNS). HEA was implemented in a parallel fashion allowing multi-thread computation,
which created a significant advantage in terms of exploring of the solution space in an
efficient manner. We compared the solutions of HEA against MILP solutions for small
instances and literature benchmarks for a specialized version of the MTRVRP and
obtained promising results.

Overall, all the proposed problems and solution methodologies demonstrated
significant potential in reduction of freight costs while the practical rules and constraints
are taken into careful consideration. The objectives set at the beginning of this research
were fulfilled through important contributions in terms of academic and business

perspectives.



Chapter 7: Conclusion 156

7.2 Further Research Opportunities

Although a significant effort has been devoted for identifying the problems and
developing solution methodologies throughout this study, there are still numerous
research possibilities in terms of building upon the work we presented and discovering
new research problems in the relevant fields.

One of the most promising research directions would be implementing an integrated
solution approach, similar to the one we presented in Chapter 3, to plan the overall
operations in a completely centralized fashion. Due to disjoint structure of current
operations and information systems of the 3PL company, it has not been possible for us
to implement this throughout this study. Investigating the benefits of employing such an
approach would be a proper research question.

A possible extension to LTLP would be adapting the proposed centralized heuristic
approach, which has a demonstrated success in our specific case, to different types of
logistics networks that incorporate distinct route types. This would bring about new
algorithmic challenges researchers in terms of redesigning the solution methods and
introducing new constraints to the problem.

An important rule we take into consideration when solving LTLP is that pickups
always take place before deliveries. This obligation eases the truck loading and unloading
operations at the cross-docking facilities and inside the trailer. Lifting this requirement
would also increase the diversity of the route types and potentially lead to better solutions.
However, this should be discussed in detail with logistics managers and operations
personnel in order to prevent unpredicted practical implications.

Another promising further research direction for LTLP is developing a new policy for
finding appropriate values of artificial cost coefficients. In this study, we used a constant
value for these coefficients for all sub-problems solved on each day throughout the
simulation. However, setting these values dynamically for each order depending on
certain conditions or sub-problem characteristics might result in lower freight costs and
better on-time delivery performance in the long run.

The most promising and immediate future research opportunity for the DVAP is
developing a new method for solving larger instances of the problem in a computationally

efficient manner. Column generation-based methods and metaheuristics are two of the
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approaches that are likely to perform well for this problem. Another possible way to
extend DVAP is to adapt it to the discrete-time horizon case in order that LTLP-DM
outputs, similar to the LTLP-C outputs, can be directly converted to DVAP inputs.

Although it already creates a significant cost advantage when compared to manual
methods, there is still a room for improvement for the HEA which solves the LMDP. In
order to increase solution quality, new destroy and/or repair operators can be added to the
mutation and boosting procedures. The level of diversification can also be expanded
through an improved survivor selection mechanism.

In all the problems we addressed, we assumed that the parameters are deterministic
and known. However, some of the parameters are dynamic in reality and can change from
day to day. One example would be the prices for spot-hired vehicles, which can vary
depending on the supply and demand in the spot market. One interesting research
direction would be integrating our solution methods with predictive models to derive
forecasts for the unknown parameters.

Similar to the certain problem parameters, future transportation orders can also be
predicted based on the past data. A promising research direction would be re-designing
LTLP and DVAP problems and respective solution methodologies in such a way that
future order forecasts are taken into consideration in addition to the realized transportation
requests.
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APPENDIX A

Pseudocode of the Matheuristic Construction Algorithm:

Step 0.

Initialization

Activate the largest vehicle type

active_orders € list of all orders

collection_orders € { }, last_mile_delivery_orders < { },
unfulfilled_orders < { }

activated_route_vehicle_pairs €< { } Empty

Plan Pickup and Delivery Routes (Type 2)

Partition active_orders based on the pickup and delivery zone

For each order segment, solve the LTLP-C-Sub with Type 2 routes
Remove the orders assigned to a route-vehicle pair from active_orders
Append the activated route-vehicle pairs to activated_route_vehicle_pairs

Decompose Orders

Decompose each order in active_orders into two such that:

= orderl: From pickup location of the parent order to cross-dock at the delivery
zone

= order2: From cross-dock at the delivery zone to delivery location of the
parent order

= Set the values of latest delivery time of orderl and earliest pickup time of
order2 such that the timespan allocated to each order is sufficient and
synchronization of orders is preserved

Keep orderl in active_orders, append order2 to last_mile_delivery_orders

Plan Inter-zone Collection Routes (Type 1)

Partition active_orders based on the pickup and delivery zone

For each order segment, solve the LTLP-C-Sub with inter-zone Type 1 routes
Remove the orders assigned to a route-vehicle pair from active_orders
Update the earliest pickup of associated last-mile delivery orders

Append the activated route-vehicle pairs to activated _route_vehicle_pairs
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Step 4. Add Extra Delivery Stops (Type 1 to Type 4 Conversion)

- For each route-vehicle pair with route Type 1 in activated_route_vehicle_pairs:
=  While the maximum delivery location limit defined by Type 4 are not
violated:

v" Sort the orders assigned to the route-vehicle pair having a size
bigger than a certain threshold limit according to their closeness to
the last location of the route.

v" Append the delivery location of the first order to the end of the
route if the maximum deviation limit from the shortest path is not
violated. Remove the associated last-mile delivery order from
last_mile_delivery_orders. Change the type of route-vehicle pair
to Type 4.

Step 5. Reunite and Decompose Orders

- Reunite orders in active orders with their associated orders in
last_mile_delivery_orders
- Decompose each order in active_orders into two such that:
= orderl: From pickup location of the parent order to cross-dock at the pickup
zone
= order2: From cross-dock at the pickup zone to delivery location of the parent
order
= Set the values of latest delivery time of orderl and earliest pickup time of
order2 such that the timespan allocated to each order is sufficient and
synchronization of orders is preserved.
- Keep order2 in active_orders, append order?2 to collection_orders

Step 6. Plan Inter-zone Distribution Routes (Type 2)

- Partition active_orders based on the pickup and delivery zone

- For each order segment, solve the LTLP-C-Sub with route Type 2

- Remove the orders assigned to a route-vehicle pair from active_orders

- Update the latest delivery of associated collection orders

- Append the activated route-vehicle pairs to activated_route_vehicle_pairs

Step 7. Add Extra Pickup Stops (Type 2 to Type 4 Conversion)

- For each route-vehicle pair with route type 2 in activated_route_vehicle_pairs:
=  While the maximum pickup location limit defined by RT4 are not violated:
v Sort the orders assigned to the route-vehicle pair having a size
bigger than a certain threshold limit according to their closeness to
the first location of the route.
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v" Append the pickup location of the first order to the beginning of
the route if the maximum deviation limit from the shortest path is
not violated. Remove the associated collection order from
collection_orders. Change the type of route-vehicle pair to Type 4.

At the end of this process, if the active vehicle type is the one with the smallest capacity,
then activate all vehicle types and continue to Step 8. Otherwise, reunite the orders in
active_orders, collection_orders and last_mile_delivery_orders. Activate the next largest
vehicle and go back to Step 1.

Step 8.

Reunite and Decompose Orders

Reunite orders in active_orders with their associated orders in collection_orders

Decompose each order in active_orders into three such that:

= orderl: From pickup location of the parent order to cross-dock at the pickup
zone

= order2: From cross-dock at the pickup zone to cross-dock at the delivery zone

= order3: From cross-dock at the delivery zone to delivery location of the
parent order

= Set the values of latest delivery time of orderl and order2, and earliest pickup
time of order2 and order3 such that the timespan allocated to each order is
sufficient and synchronization of orders is preserved

Keep order2 in active_orders, append orderl to collection_orders, append order3

to last_mile_delivery_orders

Plan Trunk Routes (Type 5)

Partition active_orders based on the pickup and delivery zone

For each order segment, solve the LTLP-C-Sub with route Type 5

Remove the orders assigned to a route-vehicle pair from active_orders

Update the latest delivery of associated collection orders and the earliest pickup
of associated last-mile delivery orders

Remove the unassigned orders from active orders and append them to
unfulfilled_orders

Append the activated route-vehicle pairs to activated_route_vehicle_pairs

Step 10. Add Extra Delivery Stops (Type 5 to Type 7 conversion)

For each route-vehicle pair with route type 5 in activated_route _vehicle_pairs:
=  While the maximum delivery location limit defined by Type 7 are not
violated:
v" Sort the orders assigned to the route-vehicle pair having a size
bigger than a certain threshold limit according to their closeness to
the last location of the route.
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v" Append the delivery location of the first order to the end of the
route if the maximum deviation limit from the shortest path is not
violated. Remove the associated last-mile delivery order from
last_mile_delivery_orders. Change the type of route-vehicle pair
to Type 7.

Step 11. Add Extra Pickup Stops (Type 5 to Type 6 and Type 7 to Type 8 conversions)

- For each route-vehicle pair with route type 5 (6) in activated_route_vehicle_pairs:
= While the maximum pickup location limit defined by Type 6 (Type 8) are not
violated:

v Sort the orders assigned to the route-vehicle pair having a size bigger
than a certain threshold limit according to their closeness to the first
location of the route.

v Append the pickup location of the first order to the beginning of the route
if the maximum deviation limit from the shortest path is not violated.
Remove the associated collection order from collection_orders. Change
the type of route-vehicle pair to Type 6 (Type 8).

Step 12. Plan Intra-zone Collection Orders (Type 1)

- Set active_orders < collection_orders

- Partition active_orders based on the pickup and delivery zone

- For each order segment, solve LTLP-C-Sub with route Type 1

- Remove the orders assigned to a route-vehicle pair from active_orders

- Append the activated route-vehicle pairs to activated_route_vehicle_pairs

Step 13. Plan Last-Mile Delivery Orders (Type 2)

- Set active_orders < last_mile_delivery_orders

- Partition active_orders based on the pickup and delivery zone

- For each order segment, solve LTLP-C-Sub with route Type 2

- Remove the orders assigned to a route-vehicle pair from active_orders

- Append the activated route-vehicle pairs to activated_route_vehicle_pairs
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APPENDIX B
Table B.1. Vehicle Type Parameters.
. . Max . Per Extra Non- Cross-
Pr_:_ysuéal OW.P erzhlp Capacity Sl\t/loaxs Extra FCI:)::S Km Stop Use docking

yp yp P Stops Cost Cost Cost Cost
T1 Owned 16 10 0 0 2 0 100 150
T2 Owned 32 8 0 0 2.3 0 150 200
T1 Confiqey 16 5 2 | 100 | 2 100 75 150

hired
T2 i 32 5 2 | 150 | 23 100 125 200

ired
T1 Spot-hired 16 200 2.5 200 0 150
T2 Spot-hired 32 250 3 200 0 200
Table B.2. Loading and Unloading Times.
Parameter Value

Loading Time (Pickup Locations) 0.5 hrs

Unloading Time (Delivery Locations) 0.5 hrs

Loading Time (Cross-docks) 0.75 hrs

Unloading Time (Cross-docks) 0.75 hrs
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APPENDIX C

Table C.1. Matheuristic Parameters.

Description Value or
Parameter
Formula
T. Starting temperature M
start 1n(0.5)
. n| 0.1
CR Cooling rate
Tstart
N Maximum number of improvement matheuristic iterations 50
Maximum number of iterations for a route-vehicle pair to stay in
K : 10
the tabu list
a Coefficient for dependent route-vehicle pairs 2
B Coefficient for strongly related route-vehicle pairs
y Coefficient for weakly related route-vehicle pairs 0.5
Onmin Minimum number of orders to be removed from solution 10
Maximum size of order set that can be solved by the exact solution
. 20
max algorithm
Omasx Maximum size of order set that can be solved by the exact solution 30
algorithm with a restricted set of route types
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APPENDIX D
Table D.1. Daily Simulation Results for DH.
Day Nirip cr Nyns Ngup Nﬁ,’ff, Chrm Ccon Lt Tppm  Tcon Tiot
1 260 3705344 19 157 150 1167612.0 1167107.7 1163572.9 1629.2 583.2 2212.4
2 327 5024128 42 284 276 1603069.1 1602958.4 15999534  1709.1 5760 2285.1
3 255 3961585 63 274 271 12343147 12343147 12335054  760.1 347  794.8
4 125 1790180 62 180 180 5415182 5415182  541518.2 59.7 00 597
5 312 4006827 56 251 245 1460981.7 14609615 1458493.0 12747 7059 1980.5
6 382 5788600 63 308 299 1787623.6 17875925 17832467 1912.3 7786 2690.9
7 435  633780.8 81 337 326 1866508.0 1865701.7 18580416 23657 1572.8 39385
8 388 5833405 67 338 329 1813980.5 18139805 1809686.3 17840 583.7 2367.7
9 416 6547888 58 308 297 1808479.1 1808098.9 18013717 21705 8859 3056.4
10 261 3865437 75 271 267 12207644 1220588.7 1219371.8  803.2 227.8 1031.0
11 108 1553315 62 178 178 5007455 5007455  500745.5 5.2 0.0 5.2
12 293 4167986 50 238 231 12951360 1295119.1 1291929.0 1441.0 6747 21157
13 402 6212436 55 282 269 16567175 1656153.3 1647896.1  2593.7 9457 3539.4
14 409 6025984 72 288 277 17073539 1707267.1 1701820.6 20727 7043 2777.1
15 431 6586582 70 287 276 17821889 17821364 1777010.6 23052 10721 3377.3
16 432 6239265 67 287 276 18156183 1814836.6 1806153.8 2365.0 1203.6 35685
17 344 5466068 56 263 255 1392089.2 13915255 13877345 16263 372.3 1998.6
18 117 1497028 34 150 150 4731242 4731242 4731242 38,5 00 385
19 282 3990930 50 210 202 1380410.6 1380306.7 1377483.1 1928.7 570.0 2498.7
20 410 5738942 61 304 291 1902467.5 1901998.9 1895858.9  2500.5 1344.3 3844.7
21 473 7137949 67 319 309 19811254 1980177.9 1972222.8 21015 950.2 3051.7
22 417 6112452 67 338 330 2006961.6 2006546.7 2002948.0 16916 897.4 25889
23 442 7106336 72 329 316 19035189 1903048.1 1895808.7 2580.1 1302.0 3882.1
24 305  485101.0 84 268 263 1338563.5 13385364 13365745 1016.8 3402 1357.0
25 136 1857802 54 195 195 6192845 6192845 6192845 15.2 00 152
26 288 3891927 47 236 229 1358868.3 1358751.1 13550450 14765 1097.8 2574.3
27 386  555239.9 54 292 286 1690964.0 1690964.0 16872404 14022 7325 2134.6
28 327 4499665 63 279 274 1594157.1 1593498.2 1590170.7 10484 607.5 1656.0
29 261 3553238 56 246 241 1207059.3 12070446 1205689.0  979.3 307.4 1286.7
30 204  267867.3 44 218 217  980046.2 9800462  979996.6 2541 132  267.3
31 115 1477794 43 157 157  479484.6 4794846  479484.6 12.0 00 120
32 64 674349 29 87 87 1881339 1881339  188133.9 3.1 0.0 3.1
33 42 38419.7 13 40 40 812551 812551  81255.1 1.9 0.0 1.9
34 20 17386.6 7 19 19 326074 326074  32607.4 0.5 0.0 0.5
35 16 113044 0 11 11 113044 113044 113044 0.1 0.0 0.1
36 1 4161 0 1 1 416.1 416.1 416.1 0.0 0.0 0.0
Overall | 9886 14440859.7 0 8230 8020 438844532 438771350 437675989 43928.5 19083.7 63012.2




Appendix D 177
Table D.2. Daily Simulation Results for CH.
Day Ny cr Nuns Neup Nobp Chém Cen Lt Tppm  Tepin Tcgn  Tiot
1 255 4104677 12 88 73 5986795  568743.1  552227.6 30103 0.0 14645 447438
2 263 4517464 45 110 97 6662420 6549886  610577.9 24473 0.0 14436 3890.9
3 199 3093419 70 117 113 5355201 5301479 5264632  970.8 0.0 5839 15547
4 95 1180534 52 95 95 2832815 2832815 2832815 444 00 00 444
5 297 4549154 33 129 116 7546161 7087318 6368423 27300 0.0 17504 4480.4
6 315 5110545 52 134 119 8246533 8017462 6964738 31792 0.0 20317 5210.9
7 372 5816231 55 146 128 9596158 8833322 7527733 37695 0.0 2440.2 6209.7
8 336 555040.1 54 140 126  911249.2  833952.3  724737.6 28886 0.0 17226 46112
9 353 5780686 50 139 123 9019435 8339747 7572334 34738 0.0 2360.9 5834.7
10 209 3117426 66 126 121 5930908 5711635  560952.2 11022 0.0 7039 1806.1
11 93 1023678 42 103 103 2921809 2921809  292180.9 562 0.0 00 562
12 292 4495473 31 128 115 7125870 7120189  670116.6 28216 0.0 17848 4606.4
13 365  582559.0 37 130 113 10484615  852289.1 7515117 3799.8 68.6 18933 5761.7
14 360  591896.3 50 130 114 9217046 8411757 6770985 34132 0.0 2099.5 5512.7
15 368 5893833 57 134 118 1055589.3  854989.9 6322841 36247 659 21327 58233
16 379 5929848 54 130 113  993990.6  833626.1 6596483 37394 0.0 2287.9 6027.3
17 284 4399703 50 124 114 7225563 7160183  705636.8 21465 0.0 9250 30715
18 95 1101930 42 91 90 2954374  295437.4 2953348 2095 00 638 2733
19 296 4690575 26 122 110 7439424  736329.7 7194316 25797 0.0 11629 37426
20 375 5647769 65 143 127 1136897.3  915040.2 7368228 34566 0.0 2269.9 5726.5
21 415  678890.1 55 141 123 1058591.9  951886.2  824797.7 38764 0.0 2299.5 6176.0
22 350 5343767 63 148 134 1080149.9 8829700  780978.7 30322 59.8 21554 5247.4
23 391 6484943 47 145 127 10456163  979889.5 8271516 34920 0.0 22145 5706.5
24 261 4312132 69 128 119 7426935 7370322 7277941 17304 0.0 9927 2723.0
25 125 1493259 44 109 107 3716808  371680.8 3712565  400.7 0.0 187.7 5884
26 292 4344076 39 124 112 8258206  747097.0 6684418 24180 0.0 15838 4001.9
27 343 5196859 51 121 109 7871004 7863457 7246465 26068 0.0 1850.1 4456.9
28 275 4123542 47 128 119 7099616 6614826 6183158 19764 0.0 13173 32937
29 192 2643469 43 97 92 4893392 4874017 4830265 10284 0.0 6306 1659.0
30 171 2207799 34 96 94 4685358 4685358  467302.8 5440 00 220 566.1
31 90 1015323 45 91 91 2732385 2732385 2732385 122 00 00 122
32 59 574656 23 63 63 1678004 1678004  167800.4 76 00 0.0 7.6
33 51 479650 10 52 52 1370180 1370180  137018.0 27 00 0.0 27
34 30 252892 6 32 32 687013 687013 687013 14 00 0.0 1.4
35 16 93112 1 22 22 259125 259125 259125 02 00 0.0 02
36 6 35057 0 10 10 9014.6 9014.6 9014.6 01 00 0.0 0.1
Overall | 8668 133137338 0 3966 3634 232134144 214751749 194170262 705929 194.2 42375.2 113162.3
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APPENDIX E
Table E.1. Daily Simulation Results for Scenario 2.
Day Nirip cr Nuns Nsup N';’ZZ Chpm Clen Lt Tppm  Tpiw  Tcen Tior
1 184  306883.0 165 89 78 4888922 4870138  456827.0 2199.2 0.0 1300.1 34993
2 226 3624459 220 111 99 6826580  642018.7 6040552 24619 0.0 14658 3927.7
3 173 2990213 243 119 113  623363.7 5959612 532692.3 13841 0.0 856.1 2240.2
4 96 1628427 150 110 110  386250.0  386250.0  386250.0 739 0.0 00 739
5 238 3595144 208 142 133  705617.8  677864.3 6099814 20501 0.0 1413.2 3463.3
6 264 4410912 285 151 138  897040.7 8442120 731598.6 30453 0.0 21958 5241.1
7 327  513699.2 352 160 144 10308241 9532488  861629.6 35480 0.0 24772 6025.2
8 291  500468.2 313 164 150 9479332 9347017 8420327 30996 0.0 22157 53153
9 306 5141039 334 163 148 1002256.0  951428.3 8640065 31534 0.0 23726 5526.0
10 216 3334018 287 159 152  764062.9  752711.9  715180.3 14825 0.0 8257 2308.2
11 98  142056.1 207 145 145 4900348  490034.8  490034.8 59.6 0.0 00  59.6
12 232 3633913 260 167 155 7796989  771551.1 7335751 23979 0.0 1681.6 4079.5
13 285 4723645 363 169 155 1018514.1 9633169  818380.7 34845 1163 1951.0 5551.8
14 326 5303180 379 170 155 11253132 1043406.3  821264.8 3430.0 1624 2447.7 6040.1
15 315 5325108 395 174 157 1164206.8 1068659.6  886514.6 3941.7 119.7 22419 6303.4
16 358  564014.1 387 171 158 12126662 1114668.9 8576653  3386.6 252.1 22653 5904.0
17 260 4414689 367 167 155 9635052  943463.4  932799.2 25538 0.0 12850 3838.8
18 106 1499756 263 154 154  568783.9 5687839 5687839 1575 0.0 00 1575
19 245 3909270 300 170 161  873468.9  868381.0 8573745 20494 0.0 11141 31635
20 303 4575995 410 177 160 1067966.9 1040772.1 9608562 3563.2 0.0 2421.2 5984.4
21 367 5910409 446 182 165 1215635.0 1183107.2 1097752.3 3856.7 0.0 2298.4 6155.0
22 335  531676.6 397 190 177 1279436.8 11434424  986277.7 3069.8 147.9 22234 54412
23 327 5444070 421 196 182 1265927.7 1204129.1 10572659 35104 0.0 23482 5858.6
24 223 3997825 414 189 180 10608439 1032968.6  990933.8 19432 0.0 1139.9 3083.1
25 134 2167293 289 174 174 7331566 7331566 7331566 3565 0.0 00 3565
26 234 3739965 348 178 171  996683.0 9422395  872057.3 18330 0.0 12825 31155
27 282 4248685 416 177 167 1065078.3 10407432 9577719 25124 0.0 1537.8 4050.2
28 242 389609.1 415 177 169  993562.7 9813769 9323103 2060.1 0.0 1296.3 3356.4
29 182  280650.4 363 167 162 8492438  838907.9  800487.3 12553 0.0 665.1 1920.4
30 133 2180452 325 163 163  740683.7  740683.7  740683.7  269.1 0.0 00  269.1
31 73 78563.0 314 159 158  589847.0  589847.0  589651.0 2066 0.0 1824  389.1
32 53 654455 279 156 156  533574.8  533574.8  533574.8 139 00 0.0 13.9
33 42 452397 250 144 144 4941765 4941765 4941765 86 0.0 0.0 8.6
34 16 13371.0 249 133 133 4303529 4303529  430352.9 81 00 0.0 8.1
35 13 119781 245 131 131  419890.7  419890.7  419890.7 88 0.0 0.0 8.8
36 3 3057.6 243 129 129  402099.8  402099.8  402099.8 69 00 0.0 6.9
37 0 0.0 243 129 129 3945369 3945369  394536.9 70 00 0.0 7.0
38 0 00 244 129 129 395347.0  395347.0  395347.0 6.7 00 0.0 6.7
Overall | 7508 120265582 244 5935 5639 30653134.8 29599029.6 27359828.9 68455.3 798.4 43504.1 112757.8
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Table E.2. Daily Simulation Results for Scenario 3.
Day Ny cr Nuns Neup Nobp Chém Cen Lt Tppm  Tepin Tcgn  Tiot
1 277 4461623 0 88 73 6986247 6838100 6589438 32269 0.0 14562 4683.1
2 296 4895416 9 110 95 7703674  761499.6 6956442 2979.8 0.0 16013 4581.2
3 239 3665275 8 111 107 6282068 6215757 6177342 9515 0.0 5925 1544.0
4 94 1020380 3 74 74 2568987  256898.7  256898.7 154 00 00 154
5 305 4533528 3 121 106 8919543  853346.1 7474309 31027 0.0 2049.2 5151.9
6 351 5641799 6 129 112 10751141 9747169 8444428 35813 0.0 20741 56555
7 391 6110416 9 131 111 10793241  995018.8 8108462 4157.2 0.0 24840 66412
8 357 563790.3 11 139 122 1014330.6  928678.9  815927.0 33026 0.0 1790.5 5093.1
9 386 6179315 11 125 107 1109562.4  971483.9 8949340 36904 0.0 2620.0 6310.4
10 241 3361614 9 114 107 7292677  685068.1 6716551 15375 0.0 6775 22150
11 91 1019149 1 69 69 3043572 3043572  304357.2 72 00 0.0 7.2
12 308 4419555 0 120 104 9352262 9164202 8215821 31237 0.0 18854 5009.0
13 394 6418226 6 126 109 10463364  998456.6 8696822 37392 0.0 2077.1 5816.3
14 389 6327090 8 124 105 1172699.3 9209349  775317.4 39822 0.0 20743 6056.5
15 384 6049436 5 117 99 10437712 9230347 7701050 38364 0.0 2060.6 5896.9
16 406 6062184 6 120 103 1290073.7  937833.0 7372282  3883.1 1009 22685 62525
17 299 4673781 5 111 101  869083.8  858859.0 8394765 23424 0.0 10308 33732
18 104 1186751 2 74 74 3160581  316058.1  316058.1 449 0.0 00 449
19 299 4595572 2 110 98 9509011  907859.2 8799262 27935 0.0 9585 3752.0
20 427 6399220 7 134 115 1159932.6 11172281 9288250  4189.9 0.0 20942 6284.1
21 433 706555.7 7 138 119 12026135 1023854.1 8829554 40258 0.0 24256 6451.4
22 385 5816448 7 132 114 14002250 10253904 9005909  3698.2 52.1 25404 6290.7
23 407 6675102 6 138 121 1189757.1 1103227.4 8939553 35086 0.0 23432 5851.8
24 293 4378108 7 119 110 8600216 8565135 8436936 18376 0.0 827.0 26645
25 135 1540378 6 87 86 4211082 4211082 4208989  387.1 0.0 239 4110
26 296 4357944 4 113 100 11147969 9111588  815987.2 28983 0.0 12469 41453
27 363 5297163 5 113 99  959096.3 9104649 8135511 32399 0.0 18743 5114.2
28 300 4448709 6 121 109  735051.8  733956.2 6876275 24834 00 11314 3614.8
29 206 2672541 6 99 94 5597445 5597445 5519112 12768 0.0 607.7 18845
30 175 2280017 1 92 91 5469445 5469445 5444046 3858 0.0 191 4048
31 107 1080216 8 77 77 3807821 3807821  380782.1 259 00 00 259
32 52 47637.8 0 46 46 1579853 1579853 1579853 30 00 0.0 3.0
33 35 257304 1 33 33 1353517 1353517 1353517 30 00 0.0 3.0
34 17 133895 1 20 20 668286 668286  66828.6 06 0.0 0.0 06
35 5 32623 0 6 6 128291 128291  12829.1 00 00 0.0 0.0
36 1 7698 0 2 2 4088.2 4088.2 4088.2 00 00 0.0 0.0
Overall | 9248 139178313 0 3583 3218 27089314.7 24783365.0 223704555 78261.8 153.0 42834.2 121248.9
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Table E.3. Daily Simulation Results for Scenario 4.
Day  Ngip cr Nuns Now» NO%, Corm Ccen Lt Tppm  Tein  Tcen Tior
1 253 4042876 14 88 72 5670360 5520042 5261130 31966 0.0 20975 5294.2
2 271 4450001 53 116 101 7051072 6527958 6027968 2997.1 0.0 16953 4692.4
3 218 3225375 97 124 117 5834041 5808820 576137.9 14712 0.0 8203 22915
4 124 1404656 70 102 100  363679.2 3635024 3623130 4170 00 2552 6721
5 304 4519404 57 132 117 7340241 7211708 6651109 32403 0.0 1908.7 5149.0
6 324 5073054 68 136 119 8388529 8127522 7074750 38211 0.0 22432 6064.2
7 395 5916688 73 147 128 9427546  916529.0  825083.1 38838 0.0 25986 6482.4
8 355  564953.2 84 142 126  909694.9 8612119 7668037 33368 0.0 2097.4 5434.2
9 369 5765646 79 141 126 9462067  893665.6 8494628 36235 0.0 2501.1 6124.6
10 244 3317222 72 131 123 6726261 6477185 6383417 17417 0.0 9278 2669.4
11 112 1176928 62 102 100 3684656 3684656  368122.0 4259 0.0 2819 7078
12 300 4424070 48 126 111 7574969 7538680 7153837 29582 0.0 21708 5129.0
13 370  580357.1 46 134 117 1009678.3 8704053  765670.6 38190 0.0 22025 60215
14 382 6011740 74 135 118  959991.7  885443.8 7255485 36159 0.0 2247.1 5863.0
15 370 5701835 71 139 120 11112363  842457.1 6767085 4047.1 127.7 1960.6 6135.4
16 404 6040043 78 135 115 10927460 9137257 7460252 43800 0.0 28482 72282
17 317 4687257 66 129 114 8711248  826596.0 8151741 3011.0 0.0 14469 4457.9
18 126 1438556 62 93 91 3877983 3865784 3842740  467.8 00 2131 6808
19 314 4812247 49 124 110 7841419 7831731 7659657 29083 0.0 16930 4601.3
20 381  560207.6 71 145 127 1104157.3  913710.2 7430054 38496 0.0 27139 65635
21 417 6571786 80 144 125 1031689.3  972007.6  788180.1 41674 0.0 3069.6 7237.1
22 387  574659.2 98 150 134 1155587.9  968886.4  864847.0 3407.8 56.3 2397.9 5862.0
23 428 6624443 68 149 129 11091831 1053496.4 9047432 40787 0.0 3199.8 72785
24 279 4385051 88 129 119 7678719 7609380  750398.7 19153 0.0 12154 31308
25 144 1668472 72 107 106 4557959  451039.1 4485557  297.4 0.0 1830 4804
26 306 4284248 52 124 112  878579.2 7817257  703086.7 28624 0.0 1649.9 45123
27 351 5184715 75 127 112 8410436 8365253 7510324 32399 0.0 1867.3 5107.3
28 302 4306841 86 129 116  784870.2 7146980 6694044 28048 0.0 17035 4508.3
29 218 2641587 72 107 100 555283.8  555283.8 5508083 1467.9 0.0 9564 24242
30 187 2323605 68 101 98 4977581 4977581 4957680  756.7 0.0 442 8010
31 107 1154613 65 90 90 3209414 3209414  320941.4 248 0.0 00 248
32 68 661141 37 66 66  198044.2  198044.2  198044.2 303 0.0 00 303
33 45 469237 17 49 49  136190.6  136190.6  136190.6 38 00 0.0 38
34 24 225598 7 27 27 649026 649026  64902.6 13 00 0.0 1.3
35 16 96555 1 20 20 256702 256702  25670.2 02 00 0.0 0.2
36 5 30039 0 8 8 7382.6 7382.6 7382.6 01 00 0.0 0.1
Overall | 9217 135437302 0 4048 3663 24541017.5 228921455 20905471.6 82270.8 184.0 51210.2 133665.0
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Table E.4. Daily Simulation Results for Scenario 5.
Day Ny cr Nuns Neup Nobp Chém Cen Lt Tppm  Tepin Tcgn  Tiot
1 252 4069533 15 88 72 5607430 5591954 5378612 32962 0.0 12188 4515.0
2 267 4466834 54 115 102 7539951  655270.1  606686.0 27370 0.0 16956 44325
3 209 3232424 80 124 119 5579524  553209.8 5486457 11185 0.0 7823 1900.7
4 104 1229507 61 101 100 3119145 3119145 3118368 2226 00 245 2471
5 300 4555159 50 131 116 7453519 7248281 6521863 29519 0.0 19631 49150
6 323 5084170 55 136 118 8642883 8125419 7082682 37281 0.0 22543 5982.4
7 375 5847160 63 147 127  891757.6 8740849 7839399 40052 0.0 25055 6510.7
8 340 5530402 59 139 125 8785835 8311929  731807.0 28870 0.0 17139 4600.9
9 350  571890.7 79 141 124  882189.4 8457964  775259.4 36804 0.0 26141 6294.6
10 227 3223796 83 128 122 6275066 6212080 6120050 1287.7 0.0 7168 20045
11 101 1111734 59 105 104 3291612 3291537 3289625 2101 0.0 1505 3606
12 292 4389583 41 130 114 7321483 7204835  678937.4 31504 0.0 17053 48557
13 369 5906464 42 134 117 10272883 8557126  757197.7 36880 708 18754 5634.2
14 363 5912138 59 135 119  904500.6  835980.2 6745027 36021 0.0 1941.8 5544.0
15 361 5692238 66 137 118 1007431.0 8405353 6737417 3963.7 700 18815 5915.2
16 396  586762.3 56 135 116 1086746.3  885873.1  711707.9 4163.9 1462 2327.0 6637.1
17 295 4513886 51 128 117 7841355 7532984 7382284 23374 0.0 11645 3501.9
18 114 1273930 59 98 97 3476363 3476363 3473220 3839 00 1815 5654
19 298 4698987 44 124 110 8173437 7717566 7518305 30653 0.0 14320 44973
20 384  561181.0 59 146 128 9410232  892607.7 7976951 38646 0.0 2609.4 6474.1
21 410 6558843 64 145 126 10708141  929965.7 8039283 41761 0.0 28252 7001.3
22 363 5517495 86 148 134 11663011  909891.4 8067905 3198.9 102.1 1864.6 5165.7
23 403 6384915 70 149 130 1065571.9 1024999.3 8237887 37567 0.0 26252 6381.9
24 275 4561905 87 127 117 7795787 7707184  760717.0 1909.8 0.0 11962 3106.1
25 127 1414686 52 105 104 4048230 4048230 4042384 2391 0.0 1819 4210
26 304 4416318 41 125 112 7819049  761596.3  683084.4 27136 0.0 16943 4407.9
27 342 5126323 58 125 112  848367.4 8088921 7299035 29559 0.0 2070.8 5026.7
28 282 4155639 67 129 119 7065580 6806654 6343968 23385 0.0 14275 3766.1
29 208 2691980 60 105 100 5311602 525677.8 5217015 9879 0.0 6244 16123
30 174 2156597 51 102 100  469863.4 4698634 4677719 4534 00 339 4874
31 99 1068864 52 91 91 2903133 2903133  290313.3 291 00 00 291
32 60 603492 30 69 69 1706268 1706268  170626.8 30 00 0.0 3.0
33 47 524937 19 54 54 1409846 1409846  140984.6 51 00 0.0 5.1
34 26 230623 10 29 29 756320 756320  75632.0 10 00 0.0 1.0
35 19 122564 2 26 26 334970  33497.0  33497.0 03 00 0.0 03
36 8 60409 0 10 10 155519 155519  15551.9 01 00 0.0 0.1
Overall | 8867 13353187.6 0 4061 3698 23603245.1 22035977.9 20091548.0 771127 389.1 45301.7 122803.5
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Table E.5. Daily Simulation Results for Scenario 6.
Day Ny cr Nuns Neup Nobp Chém Cen Lt Tppm  Tepin Tcgn  Tiot
1 252 4077595 17 88 71 6061807 5875464 5667683 32333 0.0 15748 4808.1
2 268 4564946 51 108 95 7702668 6791968 6319021 26869 0.0 14844 41713
3 201 3201996 69 114 108 5530009 5503503 5451827 12966 0.0 7851 20816
4 88 1119496 39 92 92 2733984 2733984  273398.4 445 0.0 00 445
5 293 4452228 34 130 118  785983.3 7146508  639177.9 23659 0.0 18323 41983
6 319 5186138 54 132 115 8962342 8368009 7278240 33626 0.0 2120.0 5482.6
7 366 5811294 68 142 125 9775812 9029235 7449385 34445 0.0 23409 57854
8 335 5490154 57 138 125 9297689 8678223 7169250 26466 0.0 17322 43787
9 351 5801044 52 136 119 9334434 8451289 7505338 35325 0.0 2319.8 5852.4
10 213 3193309 59 125 120 6014072  596562.6 5883457 10867 0.0 6852 17720
11 92 991023 38 106 106  300579.1  300579.1  300579.1 677 0.0 00 677
12 284 4273320 29 126 113 7936940 7162455 6274824 27476 0.0 18042 45517
13 366 5910815 48 132 115 10334160  866804.6 7434065 35946 924 1879.9 5566.9
14 358 6001244 45 129 114  951549.6 8228819 6942403 32720 0.0 2096.3 5368.3
15 351 5581188 61 128 112  959796.6  855610.6 ~ 685397.7 35220 0.0 20951 5617.0
16 384 5950580 55 129 112 10784015 8841749 6946120 3579.6 117.6 2220.5 5917.6
17 285 4514452 52 121 110  749923.1 7313087 7210866 21756 0.0 9610 3136.6
18 88 1024623 44 90 90 2765925 2765925 2765925 314 00 00 314
19 284 4685077 33 114 102 7717534 7272132 7077213 26103 0.0 9805 3590.8
20 378 5632166 62 143 128 10102242 8956125 7279062 33799 0.0 21330 5512.9
21 412 6656058 44 138 120 1060853.2  952258.8  770908.1 39937 0.0 23658 6359.5
22 347 539609.8 60 142 129 1065384.2  915490.6 8036326 29012 0.0 18911 47923
23 391 6337300 51 143 127 1065918.3 10062957 8760152 32760 0.0 21186 5394.6
24 256 4303468 78 126 120 7553827 7459640  736357.3 13994 0.0 6369 2036.2
25 111 1462127 55 111 111 3728524 3728524 3728524 1185 0.0 00 1185
26 287 4315785 36 125 113 8609304 7369480  657939.6 24483 0.0 16648 4113.1
27 339 5109768 54 121 110 8486464 7896475  707989.1 24342 0.0 17442 41784
28 284 4229315 48 127 119 7355662 6939529  650497.1 17929 0.0 13456 31385
29 187 2576986 52 99 95 5092241 5071799 5026953 11200 0.0 577.1 1697.0
30 165 2225524 33 91 90 4544540 4544540 4539584 4819 0.0 210 5029
31 92 922940 47 92 92 2897729 2897729  289772.9 213 00 00 213
32 56 597680 27 69 69 1717250 1717250 1717250 42 00 0.0 42
33 52 528799 5 58 58 1341490 1341490  134149.0 20 00 0.0 2.0
34 26 237951 9 33 33 661878  66187.8  66187.8 11 00 0.0 1.1
35 19 122129 3 27 27 384727 384727 384727 03 00 0.0 03
36 6 31196 1 11 11 9820.9 9820.9 9820.9 01 00 0.0 0.1
37 0 00 1 1 1 1684.6 1684.6 1684.6 00 00 0.0 0.0
38 0 00 1 1 1 1684.6 1684.6 1684.6 00 00 0.0 0.0
Overall | 8586 132515809 1 3938 3616 23695904.7 218199456 19610363.6 68675.7 210.0 41410.2 110295.9
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Table E.6. Daily Simulation Results for Scenario 7.
Day Ny cr Nuns Neup Nobp Chém Cen Lt Tppm  Tepin Tcgn  Tiot
1 254 4063415 16 88 73 6127152  601559.1 5826154 31742 0.0 13762 4550.4
2 269 4481953 54 108 96 7310215 7056780 6620485 26054 0.0 14949 41003
3 203 3227978 76 110 104 5898734 5843165 579470.1 13464 0.0 6745 20209
4 88 1198473 47 91 91 3056084 3056084  305608.4 169 00 00 169
5 286 4331753 38 130 119  801064.6 7301625 656600.1 21626 0.0 16199 37826
6 312 5096114 69 131 116  899721.3 8604944  754688.4 29480 0.0 1860.4 4808.4
7 364 5628882 88 143 127 1076780.4  944879.9 7905527 35839 0.0 2290.7 5874.6
8 329  554567.4 79 139 128 1038260.9  912336.1 7609912 22636 0.0 15820 3845.6
9 352 5834980 69 138 123  984827.5 9059754 8280618 31869 0.0 21282 53151
10 213 3138254 73 129 124  640039.1 6338364 6258722 12141 0.0 5748 1789.0
11 75 794375 68 113 113 3258495 3258495 3258495 48 00 0.0 4.8
12 270 4215689 56 134 122  766286.7  749449.1 7022925 25710 0.0 16398 42109
13 360  586699.3 53 138 121 11042604  917283.2 8002152 34719 840 16749 5230.8
14 358 586572.8 72 139 123 10138181  892637.9 7623023 33431 0.0 19163 5259.4
15 356  569777.5 73 137 122 10891309 9128443 6945332 32419 717 17780 5091.6
16 373 5811657 85 134 118 1099164.7  914188.6 7439748 34303 0.0 21886 5618.9
17 282 4491655 75 128 118  805950.7 7979826  788868.1 20614 0.0 9668 30283
18 73 915225 74 106 106  333562.8  333562.8  333562.8 159 00 00 159
19 287 4659842 47 125 112  780877.3 7799718  764382.8 26385 0.0 9446 3583.1
20 375  559614.7 85 150 132 11096515 9550105  786699.2 37139 0.0 2150.8 5864.8
21 406 6624356 75 145 129 1102459.7 1025917.9  850768.4 37156 0.0 22147 5930.4
22 347 535697.6 96 146 134 1261629.8 10009900 8868509 2823.0 41.3 16544 4518.7
23 388 6374528 78 149 133 1223680.2 1092843.6 9373718 32982 0.0 1899.0 5197.2
24 236 4074776 116 130 123 8324464  802051.1 7943038 14465 00 8364 22829
25 98  118627.3 89 120 119 4600769 4600769 4600347  201.8 0.0 16 2034
26 279 4384394 61 133 123  968456.1 8445929  767567.5 22575 0.0 15432 3800.7
27 333 5019566 86 132 123 9795904  889575.2 7992170 22532 0.0 1579.6 38328
28 272 4113052 95 140 132 8150461  811637.7  764509.1 17333 0.0 12823 30156
29 192 2710441 93 120 117 6908016 6645824 6605441 9436 0.0 3947 13384
30 166 2252649 65 107 107 5853226 5853226 5853226 1645 0.0 00 1645
31 71 726213 89 98 98 3721824 3721824 3721824 130 00 00 130
32 46 510195 66 86 86  305753.7  305753.7  305753.7 25 00 0.0 25
33 48 434323 51 84 84 2798080  279808.0  279808.0 24 00 0.0 24
34 27 229737 48 59 59 2091439 2091439  209143.9 07 00 0.0 07
35 16 92844 45 52 52 1756385 1756385  175638.5 06 00 0.0 06
36 7 41192 44 40 40  160760.7  160760.7  160760.7 05 0.0 0.0 05
37 0 00 44 30 30 1506110  150611.0  150611.0 04 00 0.0 0.4
38 0 00 44 30 30 1506110 150611.0  150611.0 04 00 0.0 04
Overall | 8411 13059407.3 44 4312 4007 268324835 24745726.3 225601883 65852.6 197.0 38267.7 104317.3
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APPENDIX F

Table F.1. Algorithm Parameters for DVAP.

Parameter Description Value
RT, Rest time between routes lhr
D, Deadline for dedicated vehicles to return to their home locations 60 hrs




