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ABSTRACT

This research focuses on the Vehicle Routing Problem with Backhaul (VRPB). VRPB is one
of the extended problems related to the usual Vehicle Routing Problem (VRP). VRPB
consists of both linehaul customers and backhaul customers with known demand. There is
only a single depot that can receive and supply the loads. The vehicles can only visit each
customer once and serve all customers simultaneously by delivering or picking up the loads
within a limited capacity. VRPB is a Non-deterministic Polynomial-time hard (NP-hard)
problem. The huge data size has increased the difficulty of solving it using mathematical
programming or combinatorial optimisation. Past literature showed that heuristic-based
solutions could offer feasible solutions that are approximately accurate to the exact solution.
It is one of the most popular solutions to solve a complex problem. Thus, a heuristic approach
based on the Variable Neighbourhood Search (VNS) is proposed. In this research, 22 sets
of benchmark instances introduced by Goetschalckx and Jacobs-Blecha are used to test the
efficiency and effectiveness of the proposed algorithm. The proposed algorithm solution
consists of two main phases. A simple priority heuristic rule is developed in the first phase
to generate the initial dataset solution for each benchmark instance. The VNS algorithm is
used to improve the obtained solutions in the improvement phase. A set of local search
approaches and random shaking methods are proposed to conduct a list of neighbourhood
solutions. Then, the most optimum solution among the neighbourhood solution in the
improvement phase is selected as the final outcome of this research. The result is then
compared with the best-known solution that can be found in past literature research. The
relative percentage deviation shows a total of 14 out of 22 sets of datasets can achieve the

same result as the best-known solution. The computational result shows that the proposed



heuristic algorithm is favourable in solving VRPB, and the generated solution is able to

comply with VRPB constraints.

Keywords:  Vehicle routing problem with backhaul, linehaul and backhaul customers,

benchmark dataset, heuristic algorithm, variable neighbourhood search



Masalah Laluan Kenderaan Ambilan Balik dengan Cara Carian Kejiranan Berubah

ABSTRAK

Penyelidikan ini fokus kepada masalah laluan kenderaan ambilan balik (MLKB). MLKB
adalah salah satu masalah lanjutan yang berkaitan dengan masalah laluan kenderaan.
MLKB terdiri daripada pelanggan menerima dan pelanggan ambilan dengan permintaan
yang diketahui. MLKB terdapat satu depoh yang boleh menerima dan membekalkan muatan.
Kenderaan boleh melawat dan melayani setiap pelanggan dan memberikan khidmat kepada
semua pelanggan secara serentak untuk menghantar atau mengambil muatan dalam
kapasiti terhad. MLKB adalah masalah masa polinomial yang sukar dideterministik. Saiz
data yang besar telah meningkatkan kesukaran untuk menyelesaikannya dengan
menggunakan pengaturcaraan matematik atau cara pengoptimuman gabungan. Pengajian
lepas telah menunjukkan bahawa penyelesaian berasaskan heuristik boleh menawarkan
penyelesaian yang dekat dengan penyelesaian yang tepat. la adalah salah satu penyelesaian
yang paling popular untuk menyelesaikan masalah ini. Oleh itu, pendekatan heuristik
berdasarkan carian kejiranan berubah (CKB) telah dicadangkan. Dalam penyelidikan ini,
22 kombinasi contoh penanda aras yang diperkenalkan oleh Goetschalckx dan Jacobs-
Blecha akan diguna untuk menguji kecekapan dan keberkesanan algoritma yang
dicadangkan. Algoritma penyelesaian yang dicadangkan terdiri daripada dua fasa utama.
Dalam fasa pertama, peraturan heuristik mudah dibangunkan untuk menjana penyelesaian
bagi setiap kombinasi data. Algoritma CKB telah digunakan dekat fasa penambahbaikan
untuk menambah baik penyelesaian. Senarai kaedah pendekatan carian tempatan dan
kaedah goncangan rawak telah dicadangkan untuk menjalankan senarai penyelesaian
kejiranan. Kemudian, penyelesaian yang paling baik antara penyelesaian kejiranan dalam

fasa penambahbaikan akan dipilih sebagai hasil akhir dalam penyelidikan ini. Hasilnya



telah dibandingkan dengan penyelesaian yang paling terkenal yang didapati dalam
penyelidikan literatur yang lalu. Sisihan peratusan relatif menunjukkan sejumlah 14
daripada 22 kombinasi data dapat mencapai hasil yang sama seperti penyelesaian yang
paling terkenal. Keputusan tersebut menunjukkan bahawa algoritma heuristik yang
dicadangkan adalah sesuai dalam menyelesaikan MKLB dan mampu mematuhi kekangan

MKLB.

Kata kunci: Masalah laluan kenderaan ambilan balik, pelanggan penghantaran dan

pelanggan menerima, kaedah heuristik, carian kejiranan berubah
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CHAPTER 1

INTRODUCTION

1.1  Background

Logistic distribution is considered one of the core parts of our daily economy,
production and transportation process. It plays an important role in global economic
integration and information exchange operation. The logistic distribution has contributed a
large portion of the total logistic costs (Crainic & Laporte, 1997). Among them, 85% of the

logistic cost are transportation and stock costs (Zhao & Tang, 2009).

Logistic management is important not only at the firm level but also in the industry
and globally economic competitiveness (Feng et al., 2012; Hwang et al., 2017). The study
by Pishvaee and Basiri (2009) stated that logistics costs had compromised a large ratio of
the total gross domestic product (GDP). Besides, Wantanakomol (2021) also mentioned that
the global average ratio of logistic cost to GDP is 10.7%. Therefore, well-planned and cost-
effective logistic management helps reduce costs and increases profitability in economic

activities.

After the outbreak of the COVID-19 pandemic, people are opting for contactless
services such as e-commerce, online shopping, online food ordering and goods delivery
services. The pandemic has caused great competition between companies all over the world

in order to survive.

The Minister in the Prime Minister’s Department (Economy) Datuk Seri Mustapa
Mohamed has stated that the gross merchandise value (GMV) of Malaysia in the e-

commerce and food delivery service showed a growth of RM29.28 billion in the year 2021



(“Tok Pa: E-commerce, Food Delivery Service Gross”,2022). In addition, food delivery
services have expanded by 35% during that pandemic period. People are willing to pay for
the online and delivery service to minimise their exposure to the virus and avoid the crowd
and queues. As a result, the e-commerce and food delivery businesses such as, Grabfood,
Foodpanda, fast food delivery services, Shopee, Lazada and Taobao were booming and

accelerating globally.

Besides, this new normal has caused a rise in carriage volume and increased the
demand for quality logistic service. Logistic service is said to be involved in the material
transportation process, resources movement and goods distribution process (Laporte, 1992).
Good transportation or logistic management can result in advantages over competitors and

increase customer satisfaction (Sakhapov et al., 2018; Wantanakomol, 2021).

Based on the China Daily, the business volume of the express delivery companies in
China has increased by over 70% with an increment of revenue of over 75% year on year in
February 2022 (Yang, 2022). Moreover, Ninja Van, one of Malaysia’s courier and delivery
services, has achieved 100 million parcel delivery as of July 2021 (Aufa, 2022). This parcel
volume has shown the economic trends and the growth in e-commerce in Malaysia.
According to the marketing forecast of Statista, the profit in the Platform-to-Consumer
Delivery section is expected to show an annual growth rate of 7.78% with a market value of
US$302.50 billion by 2027 (Statista, 2022). These statistics have reflected the consumption

growth in the surging delivery business.

However, Los Angeles Times has stated that the demand for grocery delivery has
dropped 10.5% compared to its highest during the pandemic when the prices for the delivery

service rose (Dee-Ann, 2022). One of the factors is that online prices are higher compared



to in-store prices, which include the extra charge to cover labour and transportation costs.
This issue has raised pressure on logistics companies to provide better services at a much
lower cost. The same tendency has happened in Malaysia; according to Soh Thian Lai, the
president of the Federation of Malaysian Manufacturers (FMM), the price of daily goods is
estimated to increase by 10% due to the increase in logistics costs, and the labour shortage
(Reshna, 2022). Based on the survey conducted by FMM, most companies are expected to
pass the increase in costs of between 1 to 10% to consumers. The increase in the prices would
cause a multiplier impact on the economy unless proactive action was taken to control the

rise in prices of the products.

Furthermore, according to Anbuudayasankar (2012), inefficient delivery
management will cause a serious decline in service quality, a decrease in order volume and
a loss of the loyalty of customers. Thus, additional attention needs to drag to the
improvement of the logistic planning as well as the efficiency and service quality of the

service (Yang, 2022).

In short, a well-planned logistic route can produce a cost-effective flow for the goods
supply chain and a great customer experience. It is the main connecting link between the
consumers and producers in the whole industry supply chain (Zhang et al., 2022) and the
business network that joins the product producers and service providers associated globally
(Farahani, 2011). Therefore, logistic distribution issues have been generalised to the linear
optimisation issues and then transformed and modelled to the Vehicle Routing Problem
(VRP) (Clarke & Wright, 1964). The main objective of VRP is to generate the optimal

solution to serve a group of customers with a list of homogeneous vehicles under certain



constraints (Raff, 1983; Laporte & Nobert, 1987; Laporte, 1992). Therefore, VRP has

become one of the popular topics among operation researchers in the past decade.

1.2 Problem Statement

In general, VRP is the flow of optimal routing routes between the initial point and a
group of destination points under certain conditions. In a basic VRP, each customer can only
be visited once and served by one vehicle. A vehicle should depart from an initial point,
either a depot or warehouse and return to the same point after completing the tasks. Figure
1.1 represents a basic VRP routing diagram which involves a depot, a group of customers

and the movement of a fleet of vehicles.

/O

O—0 — O~

—» Movement direction
NO (O Customer
\O A Depot

Figure 1.1:  VRP diagram

In the past few years, VRP has widely extended with various constraints. Vehicle
Routing Problem with Backhaul (VRPB) is one of the extension problems from the classical
VRP (Goetschalckx & Jacobs-Blecha, 1989; Cuervo et al., 2014; Toth & Vigo, 1996; Nagy
& Salhi, 2005).

VRPB consists of a group of customers, a depot and a fleet of homogeneous vehicles.



Unlike the basic VRP, VRPB consists of both delivery customers (linehaul customers) and
pickup customers (backhaul customers). Delivery customers are the customers who require
a delivery service, and the pickup customers are those who request a pickup service. The
geometric location and the demand of each customer are different from each other. The
vehicles need to move around the customers to either supply and collect sufficient loads for
or from them.

In VRPB, a depot is a place that provides and stores stocks or goods. It can always
supply a sufficient amount of the load to the delivery customers. Same as the basic VRP, in
VRPB, the vehicle needs to depart and return to the depot in every logistic route. The vehicle
will carry a certain amount of goods, depart from a depot, and distribute it to the delivery
customers. It starts to approach the pickup customer along the way back to the depot after
delivering all the goods to the customer. A feasible routing solution for a VRPB would be a
list of transportation routes that can serve all the customer requirements under a fixed number
fleet without violating the predefined capacity limit. Figure 1.2 below represents the vehicle

movement in VRPB.

— Movement
O Delivery Customer

@ Pickup Customer
A Depot

Figure 1.2: VRPB diagram




1.3 Research Objectives

The objectives of this research:

i.  Tomodel a VRPB with extra operational constraints consideration.

ii.  To design and develop an effective Variable Neighbourhood Search (VNS)

algorithm (Refer to Section 2.3.2.4) for the VRPB.

ilii. To conduct an extensive computational study and analysis using the

benchmark data proposed by Goetschalckx and Jacobs-Blecha (1989).

1.4  Research Scope

The scope of this research is defined as follow:

i.  Focus on the metaheuristic Variable Neighbourhood Search (VNS) algorithm

especially in algorithm development, to solve VRPB.

ii. Conduct the computational and comparison study based on the 22 sets of
selected benchmark data with the size from 25 to 113 customers proposed by

Goetschalckx and Jacobs-Blecha (1989).

15 Thesis Structure

In Chapter 2, literature reviews on the overview of VRP and VRPB are studied and
elaborated on in detail. Besides, the popular methodology approaches that have been used to

solve VRPB-related issues in the past decade were presented in this chapter.

Chapter 3 presents the background and the constraint of the case study of this

research. It included a detailed explanation of the customer, depot, vehicle, and problem



constraint of VRPB. A clear VRPB background condition and restriction are explained in

this chapter.

In Chapter 4, the methodology to solve the VRPB of this research is discussed. The
methodology included the data pre-processing steps used to prepare the input data, a simple
priority rules heuristic algorithm used to generate the initial solution and the VNS heuristic
algorithm used to produce an optimum solution. The proposed VNS algorithm with a set of
local search techniques and random shaking methods is described in detail. The data analysis

and result of the proposed algorithm on VRPB are discussed in this chapter.

In Chapter 5, a mixed Vehicle Routing Problem with Backhaul (m-VRPB) is
proposed to examine the impact of the priority of the type of customer on the performance
of the proposed algorithm. Note that m-VRPB is investigated using the same benchmark
data but slight differences in the problem restriction. Two constraints are relaxed to simulate
the real practical environment by removing some of the restrictions from the VRPB. The
proposed VNS algorithm is transformed to cope with the new constraints. The new result

obtained by m-VRPB is analysed and discussed in this chapter.

Lastly, Chapter 6 contains the conclusion remarks, the contribution of the project and

some ideas for future works.



CHAPTER 2

LITERATURE REVIEW

2.1  Overview of Vehicle Routing Problem

Vehicle Routing Problem (VRP) is a significant and widely studied logistics problem
with a wide range of applicability. VRP is described as obtaining the optimal solution for
transportation movement, which involves both delivery and collection processes from one
or several depots to multiple geographical customer points under certain constraints (Raff,
1983; Laporte & Nobert, 1987; Laporte, 1992). It aims to develop suitable routes for a fleet
of homogeneous vehicles that can serve a group of customers that start and end at a depot

by minimising the travelling distance and transportation cost.

The first logistic issue, the “Truck Dispatching Problem”, was introduced by Dantzig
and Ramser in 1959. Modelling of how a fleet of homogeneous gasoline delivery trucks
travelled between a list of terminals with various supplier points has been conducted. It is
targeted to obtain an optimum routing solution with minimum travel distance. However, the
problem has been generalised to the linear optimisation issues commonly occurring in
logistics and transport. Thus, the VRP was introduced (Clarke & Wright, 1964). Clarke and
Wright (1964) were the first to have multiple corporate vehicles in VRP and also the first to
introduce a new variant of VRP. It has begun to be applied in solving various kinds of real-

life logistics problems.

Moreover, a study has started applying or combining VRP with different constraints
and parameters in order to incorporate real-life situations. Researchers have simulated the

transportation problem by varying the operational conditions, such as consideration of



different circumstances, different modes of serving, and various vehicle conditions (Clarke
& Wright, 1964; Toth & Vigo, 1996; Nagy & Salhi, 2005; Braekers et al., 2016). Routing
issues such as Capacitated Vehicle Routing Problem (CVRP) (Uchoa et al., 2017), Vehicle
Routing Problem with Time Window (VRPTW) (Errico et al., 2016), Vehicle Routing
Problem with Backhauls (VRPB) (Pinto et al., 2017; Wassan et al., 2017), Vehicle Routing
Problem with Simultaneous Delivery and Pickup (VRPSDP) (Bianchessi & Righini, 2007;
Wang et al.,2016), Green Vehicle Routing Problem (GVRP) (Ko¢ & Karaoglan, 2016; Xiao
& Konak, 2017), Open Vehicle Routing Problem (OVRP) (Lalla-Ruiz et al., 2016) and Split
Delivery Vehicle Routing Problem (SDVRP) (Chen et al., 2017) are some of the common

research topics of VRP that conducted in the past few years.

Furthermore, VRP software and applications development showed rapid growth in
the industry and logistics fields. More and more companies have started to implement this
technology into the logistics management process, for example, the support system used by
an oil downstream company (Gayialis & Tatsiopoulos, 2004) and the scheduling model used
by a sales company for flight tickets to arranging their free pickup and delivery services

(Dong et al., 2011).

The study of Xiao and Konak (2017) has untaken that an optimised routing solution
is able to reduce transportation costs and the number of resources required. Besides that,
good routing management can cut down fuel consumption (Norouzi et al., 2017) and reduce
greenhouse gas emissions, such as carbon dioxide, especially in urban areas (Ehmke et al.,

2016; Tian et al., 2018).

In short, a well-planned logistic route can produce a cost-effective flow for the goods

supply chain, a great customer experience and a better optimisation plan within the limited



resources. Therefore, different methodologies and techniques were investigated to solve the

VRP problem.

2.2 Vehicle Routing Problem with Backhaul

According to the literature study, VRP has been studied extensively by researchers
worldwide using different approaches. Analysts and researchers are attracted to the
complexity and the characteristic of VRP (Raff, 1983). Thus, VRP has become one of the
popular operation research topics among the combinatorial optimization problem in logistic

applications.

Among them, the logistics problem involving pickup and delivery service has
received considerable attention worldwide. The study has proven that empty trips contribute
a large part to the total travelled distance and to total logistic costs (Ubeda et al., 2011, Santos
et. al., 2021). To avoid it, the backhauling strategy is implemented to reduce the empty trips
by utilising the capacity of a vehicle to pick up some load on the return trips. Hence, the
VRPB was introduced by Deif and Bodin (1984). Besides, VRPB has been successfully

applied in real-life logistic problems (Yano et al., 1987; Ko¢ & Laporte, 2018; Pdvoa, 2020).

VRPB consists of a set of customers with two different characteristics. In VRPB, the
customer is separated into linehaul and backhaul customers. According to Pinto et al. (2017),
linehaul customers can be categorised as the source of demand, while backhaul customers
are the suppliers in daily life. This kind of customer splitting pattern is common in the
distribution problem (Ko¢ & Laporte, 2018). Furthermore, it has happened extremely

frequently in daily life and real-world scenarios (Crispim & Brandao, 2001).

10



Some common examples are door-to-door delivery service or dial-a-ride service in
the grocery service, freight shipping industry and the supplier chain of industrial areas
(Wilson et al., 1976; Desaulniers et al., 2002). For example, in the grocery industry, retail
shops and supermarkets are the linehaul customer, whereas the manufacturing supplier is the

backhaul customer (Pinto et al., 2020).

Although VRPB can serve linehaul and backhaul customers on the same route, it is
practised to avoid a mix in pickup and delivery service. The constraint is set to avoid the re-
handling and load rearrangement of the vehicle at the customer locations. Besides, in most
practical applications, a vehicle is often rear-loaded after the delivery service due to the
highest service priority of a linehaul customer (Toth & Vigo, 1999). An example of this is a
drink distribution company delivering the full bottles to the customer before the process of
collecting the empty bottle at the end of the route (Ko¢ & Laporte, 2018. This also includes
the example of a meat supplier which needs to supply the meat to the butcher before

collecting the waste from the slaughterhouse due to hygiene reasons (Li et al., 2019).

Furthermore, due to the rapid growth of the logistic operation, effective
transportation planning has been proven to reduce the cost of the logistic process (Yano et
al., 1987; Santos et al., 2021). Based on Parragh et al. (2008), the cost of VRPB can be
reduced by combining the linehaul and backhaul tours. This circumstance has proven

valuable to research in the industry (Toth & Vigo, 1999).

Additionally, there are a lot of VRPB models and applications developed for real-
life case studies. For example, the food or groceries seller delivers the food and goods to the
customer and collects the goods from the supplier (Cheung & Hang, 2003; Ubeda et al.,

2011). Anbuudayasankar et al. (2012) have developed a three-heuristic solution to optimise

11



the distribution process of a bank in the operation of collecting and reloading the money of
the automated teller machines (ATM). Besides, Soleimani et al. (2018) have developed a
model for Hamshahri, the Iranian newspaper. The model optimised the newspaper delivering
and collecting process for the 36 newsstands located in District 11 and District 12 in the

Tehran Metropolitan area.

Based on Povoa (2020), backhauling is not well studied, yet it plays an important
role in logistic optimisation. Besides, according to the research done by Braekers et al.
(2016) of a total of 277 VRP articles published between the years 2009 to mid-year 2015,
the total of studies related to VRP with backhaul only consists of 18.65% out of 100%.

Hence, this project is focused on the VRPB.

2.3  Existing Methods

VRP has widely transformed into various extended logistic problems, as mentioned
in Section 2.1. The increase in constraints and data size has boosted the difficulty of a VRP

to be solved using mathematical programming or combinatorial optimisation method.

Based on the review of VRP conducted by Zhang et al. (2022), the simple heuristic
method, such as the greedy algorithm and local improvement heuristic, were the popular
solution from 1960 to 1970. Next, it was followed by mathematical planning-based
heuristics such as assignment, set segmentation and coverage (Zhang et al., 2022). At
present, various rigorous heuristic and artificial intelligence methods are implemented to

solve VRP-related problems.

There are a huge number of methods and solutions that can be found in published

academic literature. Different methodologies and techniques were investigated to solve the

12



VVRP-related problem. The solution methods can be divided into exact algorithms, heuristics,
and metaheuristics (Fisher, 1995; Ko¢ & Laporte, 2018; Zhang et al., 2022). The common
exact algorithms used to solve VRP include integer linear programming, precision
algorithms and tree search method. In contrast, the popular heuristic and metaheuristics
include the saving method, simulated or deterministic annealing method, tabu search

method, genetic algorithm, ant colonization algorithm, neighbourhood method, etc.

2.3.1 Overview for Exact Solution

At the beginning stage, an exact algorithm is used to solve VRPB. In 1987, Laporte
and Nobert (1987) classified the exact algorithm into three categories, thus, the direct tree
search method, dynamic programming and integer linear programming. They divided the
exact algorithm into set partitioning formulation, vehicle route formulation, and commodity

flow formulation (Laporte & Nobert, 1987).

Among them, precision algorithms include branch and bound methods and branch-
cutting methods. In this algorithm, every branch of the tree is represented as an arc in the
solution. Besides, this method performed better with less constraint or a tight problem as the
number of branches to be explored is reduced (Laporte, 1992). However, for dynamic
programming, the feasible and dominance criterion is needed in order to reduce the number

of feasible options.

The first exact branch and the bound algorithm used to solve VRPB are proposed by
Toth and Vigo (1997). The proposed solution solved the instances of Goetschalckx and
Jacobs-Blecha (1989) with 25 and 68 customers. They have computed an effective
Lagrangian bound, generating a set of new instances between 21 to 100 customers (Toth &

Vigo, 1997).
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Mingozzi et al. (1999) have proposed an exact method based on the partitioning
formulation for VRPB. The feasible solution is obtained using linear programming
relaxation and two different bounding procedures. The proposed algorithm has solved all

instances published by Goetschalckx and Jacobs-Blecha (1989) and Toth and Vigo (1997).

Furthermore, the exact solution algorithms, such as additive bounding, branch and
bound algorithm, branch and cut algorithm, branch, price algorithm, and set coverage
methods, can be found in Barnhart et al. (1998), Carpaneto et al. (1989), Toth and Vigo
(2002), Naddef and Rinaldi (2002), Fischetti and Toth (1989), Padberg and Rinaldi (1991)

and Zhang et al. (2022).

2.3.2 Heuristic and Metaheuristic Algorithm

VRP is a Non-deterministic Polynomial-time hard (NP-hard) problem (Dantzig &
Ramser, 1959; Garey & Johnson,1979; Laporte & Nobert, 1987; Nagy & Salhi, 2005).
Besides, VRP can be widely extended with various constraints and conditions, such as
distance restriction, capacity or time window. The growth of the data size and constraints
have increased the process jobs and time needed for the VRP to represent the full scale of
feasible options (Raff, 1983; Laporte, 1992). Hence, solving the VRP-related problems to

the optima is difficult using integer programming or an exact algorithm.

Since VRPB is extended from VRP, VRPB is also NP-complete. The huge data size
of NP-hard problems has increased the difficulty of solving them using the exact solution.
The size of VRP that can be solved using exact solutions may be limited (Nobert, 1987).
From the literature study, the exact algorithms have been used to solve problems with small-
scale data in a reasonable computing time. However, the number of computations grows

exponentially with the size of the VRP problem. According to the study of Goetschalckx and
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Jacobs-Blecha (1989), their exact algorithms can only resolve the VRP up to about 25
customers, which was a time-consuming process. Besides, Dell’Amico et al. (2006)
developed the first branch and price approach with exact dynamic programming and some
relaxation procedure. The proposed method can only solve instances of up to 40 customers

with high compute time.

According to Kytojoki et al. (2007), the heuristic methodology is able to yield a better
and more appropriate solution, especially in the large data size and huge constraints issues.
Moreover, Raff (1983) has stated that the heuristic methods can offer the approximate
solution for the set covering and partitioning problem. Although it is not guaranteed to reach
the exact solution, it can provide a feasible solution for a complex, large, and specific

dependent problem under a reasonable computing time.

The analysis of Braekers et al. (2016) shows that between 2009 and 2015, the
metaheuristic was the most common solution used, with an overall percentage of 71.25%.
They stated that the exact methods and heuristic solution showed less portion compared to
the metaheuristic, probably due to the high chances of getting stuck in an optimum local.
Furthermore, from the study of Santos et al. (2020) throughout a total of 107 VRPB
literature, the metaheuristic method has covered a large portion with a value of 58%,
followed by the heuristic method gets up to 35%, and lastly, the exact method with only
14%. Thus, the metaheuristic is more suitable and powerful for complex and large data

instances. Some of the popular heuristic and metaheuristics methods are discussed below.

2.3.2.1 Insertion Heuristic Algorithm

The first heuristic used to solve VRPB is proposed by Deif and Bodin (1984). They

extended the concept of Clarke and Wright (1964), a single customer route is generated first,
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then the remaining route is built by sequential insertion of customers using some
consideration based on the cost-saving constraints (Wilson et al., 1976; Deif & Bodin, 1984).

The proposed heuristic was tested on instances with up to 300 customers.

Based on Solomon (1987), the insertion method is known as the effective
approximation method of VRP. Insertion procedure built the feasible configuration by
inserting and comparison between a list of possibly infeasible configurations by some

criterion function such as total cost, large saving or demanded entity (Raff, 1983).

In the year 1988, Casco et al. used this method in the delivery and pickup second
theory. The cost is added to the load-based insertion procedure to get the shortest path
solution. Moreover, the cheapest insertion heuristic is introduced, and the performance of
both methods that were used are tested with various sizes of the simulated problem (Casco
et al., 1988). Salhi and Nagy (1999) have proposed a new solution by extending the method
published by Casco et al. (1988). They achieved slight improvement after applying the

backhaul customer to the clustering method.

Besides, the insertion heuristic plays an important role in solving a VRP-related
problem. The problem can be resolved in a short time by this method. Hence, it is usually
used to obtain the feasible solution for an improvement method and as an advanced
improvement procedure to obtain the optimal solution. It can be found in Rochat and Semet

(1994), Lin and Chou (2012), Kuoet al. (2016) and Wang et al. (2020).
2.3.2.2 Tabu Search Algorithm

Tabu Search (TS) algorithm is a metaheuristic approach for VRP (Battiti &
Tecchiolli, 1994; Barbarosoglu & Ozgur, 1999). It is able to solve VRP in a reasonable

computing time with an acceptable degree of precision. The basic theory of TS is to get out
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from the local optimal by providing a guiding strategy to explore the solution from the local
search procedure. The strategy moves to the best solution in the neighbourhood even though
the objective value is not the best. The acceptance solution is then stored in tabu list attributes

(Barbarosoglu & Ozgur, 1999).

One of the first tabu search approaches used to solve VRPB is proposed by Osman
and Wassan (2002) and called Reactive Tabu Search (RTS). The saving insertion and saving
assignment methods are used as a two-route construction to generate the initial solution. RTS
has provided a new diversity strategy from the original approach proposed by Battiti and
Tecchiolli (1994). Besides, Wassan et al. (2008) have further improved RTS and applied it
to solve the VRPB. Then, it was implemented by Nagy et al. (2013) to solve VRP with mixed

pickup and delivery.

Furthermore, some studies have proved that the tabu search algorithm can yield a
better solution when combined with other metaheuristic methods (Crispim & Branddo,
2005). In 2007, Wassan introduced a hybrid metaheuristic method which is the extended
study of the RTS methodology by Osman and Wassan (2002). The output of the new

methodology has shown effectiveness and efficiency in solving VRP-related problems.
2.3.2.3 Ant Colony Algorithm

The ant colony algorithm (ACO) is originally named Ant System (Dorigo et al.,
1996; Wade & Salhi, 2003; Dorigo et al., 2006). ACO metaheuristics are then introduced by
Dorigo et al. (1999). It is a simulated optimisation algorithm that simulates the biological

finding on the real ant foraging behaviour and counterparts.

According to Dorigo et al. (2006), ant colony optimisation is an iterative algorithm.

At each iteration, each of the artificial ants builds the route by working from vertex to vertex
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stochastically with the constraint of not visiting any vertex that has been visited. At the end
of each iteration, the pheromone value is changed to bias the ants in future iterations based

on the quality of the constructed solution.

Wade and Salhi (2003) implemented some enhancements to the general
characteristics of the ant system. In this study, the construction method on the candidate list
is guided by the visibility function's look-ahead scheme and some rules that deal with local

and global structuring updates.

ACO is the second most popular methodology used to solve VRP. For example,
Wassan et al. (2013), Mazzeo and Loiseau (2004), Balseiro et al. (2011) and Gao et al. (2016)
are some studies that applied the ACO to solve the capacitated VRP, VRP with a time

window, VRP with dynamic location, etc.

Wau et. al. (2016) proposed a Label-based Ant Colony System (LACS) algorithm and
solved the China Post Office postal shuttle service problem with a total of 84 nodes located
in Guangzhou. The result shows the improvement in cost savings, and the proposed

algorithm is able to cope with different customer demands.
2.3.2.4 Variable Neighbourhood Search

The Variable Neighbourhood Search (VNS) is a metaheuristic method (Hansen et
al., 2010). The VNS algorithm aims to improve the solution by systematically exploring
several neighbourhood structures in a local search (Uchoa et al., 2017). It is a framework to
yield a list of feasible solutions by a systematic change along the neighbourhood structure.
The solutions are generated using some local search approach until a local optimal has been

reached (Mladenovi¢ & Hansen, 1999; Hansen et al., 2008).
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The basic model of VNS was first proposed by Mladenovi¢ and Hansen (1999).
Unlike other metaheuristic methods such as tabu search and ant colony, VNS required only
a simple or no parameter to extend its schemes to solve combinatorial and global
optimization problems. Therefore, VNS is a simple and easy method to adapt different
schemes, leading to more effective and sophisticated operations (Hansen et al., 2008).
Besides, VNS does not follow a trajectory like other metaheuristics; it first explores the
optimal solution from the nearest neighbourhoods and only jumps to a new structure if an

improvement is made (Mladenovi¢ & Hansen, 1999).

VNS solves the standard VRP or practical applications of routing problems (Hansen
et al., 2008). Ochi et al. (2001) solved the travelling consumer problem using parallel VNS
methodology. Parallel VNS is proposed to solve the p-Median problem by parallelising the
process of local search until the best solution is found (Garcia-L6pez et al., 2002). In parallel
VNS, each neighbourhood structure is handled by a single processor; the process is only

interrupted when an improved solution is found (Crainic et al., 2004).

Moreover, Pinto et al. (2020) have proposed three variants of the VNS algorithm
with 10 neighbourhood structures to solve a VRP with mixed linehaul and backhaul
customers with two-dimensional loading constraints. The algorithms have been tested by a
list of benchmark instances with a max number of 225 customers. The result shows a
significant improvement for the instances with large data sizes. Kalayci and Kaya (2016)
have developed a hybrid metaheuristic algorithm based on VNS and ant colony search (ASC)
algorithm to test the performance of combining two different algorithm schemes. The

proposed method was tested by a set of benchmark instances with a customer size of 50 to
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200. The computerised result showed that ACS could help in utilising the memory

mechanism of VNS.

Variable Neighbourhood Decomposition Search (VNDS) is proposed by Hansen et
al. (2001). In VNDS, the basic VNS is decomposed into two levels VNS scheme by adding
a new parameter to represent the running time for the decomposed problem. Besides,
Crispim and Brandao (2001) and Rousseau et al. (2002) applied VNDS in VRP with

backhauls.

Moreover, Melechovsky et al. (2005) proposed a hybrid metaheuristic which merged
the tabu search with VNS to resolve the location routing problem with nonlinear costs.
Kytojoki et al. (2007) have also proposed a VNS methodology for a very large-scale vehicle
routing problem. The application of VNS for the open VRP can be found in the studies of
Fleszar et al. (2009), VNS in solving VRP with divisible delivery and pickup can be found

in Polat (2017) and VPR with time window can be found in the research of Braysy (2003).

2.4 Conclusion

From the literature study, the popularity of the VRP in the logistic study has been
proven by a huge amount of academic studies on it and the various number of extended
problems under different constraints. It has been considered one of the core processes to
optimise the logistic distribution process. It has contributed a huge portion to vehicle route

planning and, in the meantime, to reduce logistic expenses.

However, among the extended logistic studies of VRP, the VRPB only received little
attention compared to others. The statistics of Braekers et al. (2016) have shown that VRPB
is not well studied but is efficient in reducing logistic costs. Therefore, this research is

focused on VRPB. Based on the study, VRPB can reduce the empty route by utilising the
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vehicle's capacity in every route using backhauling strategy. Besides, it consists of a group
of linehaul and backhaul customers, and this kind of customer pattern is very common in a
real-world scenario. Lastly, the literature study has shown that the VRPB model has been
applied and successfully solved real-life problems. In short, the strength of VRPB in

optimising the logistic route has been proven in past academic studies.

VRPB has been proven an NP-hard problem. As the extended problem from VRP,
the VRPB model may need to cope with more extra constraints. These strategies have
increased the complexity of VRPB to an optimum. From the literature study, most
researchers tend to solve the NP-hard problem with a heuristics-based solution. A heuristic-
based solution can easily cope with many constraints. Besides, the heuristic algorithm can
handle the problem with large data sizes. It is able to offer feasible solutions which
approximate exact solutions. Thus, in this research, a heuristic-based algorithm is used to

solve VRPB.

Based on the studies from the present method, VNS is selected to be used in this
research. VRPB has been considered a complex problem consisting of both line and
backhaul customers with multiple vehicles and constraints. VNS is suitable to solve VRPB
because it is easy and simple to cope with a complex problem under specific schemes or
constraints. Moreover, VNS has the ability to solve problems with large data sizes.
Additionally, VNS does not follow a trajectory like other metaheuristics. The principle of
VNS is that a solution should not be limited by the first local findings. The solution will not
be trapped in a local optimum and can search through the nearest neighbourhoods for a better
solution. Furthermore, the proposed VRPB model is extended to achieve multi-objection to

achieve minimum travelled distance and minimise the number of vehicles used.
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CHAPTER 3

PROBLEM FORMULATION

3.1 Introduction

In this chapter, the Vehicle Routing Problem with Backhaul (VRPB) issues will be
discussed and analysed. Besides, the problem formulation is presented. The objective
function and the benchmark data used will be determined. Then, a sample model is simulated

based on the problem and the parameters.

3.2 Problem Statement

VRPB is one of the variant problems from Vehicle Routing Problem (VRP), which
involves the delivery and pickup service. VRPB aims to optimise cost-effective and efficient
routing plans for both linehaul and backhaul customers. A linehaul customer needs the
delivery service, whereas the backhaul customer seeks the pickup service. Every customer
is assigned a known demand (either a delivery or pick-up demand), and each customer should

be served exactly once by a vehicle.

In VRPB, only one type of vehicle will be taken into consideration. The size and the
capacity of every vehicle are the same. The vehicles can only visit one customer at a time
and serve the customer by either delivering or picking up the loads. The total load carried in
the vehicle cannot exceed the total capacity. Besides, only a single depot is considered in
VRPB. A depot is a warehouse used to receive and supply loads. The vehicle should always

start and end the trip at the depot.

In this research, a list of benchmark data instances with different customer sizes,

customer locations, service demand, vehicle numbers and vehicle capacity is used to
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simulate the different situations of the real-life problem. The objective is to develop an
efficient routing plan that can complete all jobs within the minimum distance travelled. The

detail and information of each substance are described in the sub-section below.

3.2.1 Customers

VRPB consists of two types of customers, linehaul customers and backhaul
customers. Each customer can either request pickup or delivery services, but not both. Based
on Goetschalckx and Jacobs-Blecha (1989), linehaul customers are the individuals that will
receive the goods from a depot, whereas backhaul customers are the pickup points that send
the goods back to the depot. Besides, Pinto et al. (2017) have stated that linehaul customers
can be categorised as the source of demand, while backhaul customers are denoted as the

suppliers in our daily life.

Moreover, the number of demands to be delivered or picked up from each customer
is fixed in advance. The required service of each customer should be served or completed in
one-off as the total loads of a particular customer cannot be split in any movement. In VRPB,

every customer can only be visited and served by only one vehicle.

The customers are located in a transportation network with different coordinates and
positions. There are no movement restrictions among the customers. The vehicle can move
freely between linehaul to linehaul customer, linehaul to backhaul customer or backhaul to
backhaul customer. However, movement from backhaul customer to linehaul customer is
not considered in the VRPB modal. The linehaul customers should be served before backhaul
customers to avoid rearranging the load on the vehicle (Queiroga et al., 2020). Besides, this
problem does not allow any route with only backhaul customers. However, it allows serving

only linehaul customers in a single route (Goetschalckx & Jacobs-Blecha, 1989). This
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constraint is made under the assumption of prioritising the main profitable source of the

companies, which are the consumers or the linehaul customers (Cuervo et al., 2014).

3.2.2 Depot

Only a single depot is considered in VRPB. A depot is used to receive and supply the
goods. Each route should always start and end at the depot. The depot's capacity has no limit
and can provide sufficient goods for the linehaul customer. A vehicle will carry and deliver
the goods from the depot to each linehaul customer. On the other hand, the depot also plays
as a central storing place for backhaul customers. The vehicle will pick up and return the

goods from every backhaul customer to the depot.
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Figure 3.1:  Transportation network of VRPB

Figure 3.1 illustrates the transportation network of the depot with a group of
customers. The position of each component is determined by the coordinate plane. A
coordinate helps to locate a point in space. For example, in Figure 3.1, the depot is located
at the origin (0,0), and linehaul customer 1 is located at the point (2,9) with an x-axis value

of 2 and a y-axis with a value of 9.

24



3.2.3 Vehicles

There is a homogeneous fleet of vehicles in VRPB. A vehicle with the same capacity
and same size is considered. The capacity of vehicles used in each data instance is
predefined. Yet the number of customers served in a single route is not restricted. A vehicle
can serve any customer as long as its total loads are under the maximum capacity limit with
no violation occurring. The maximum capacity (Q) (Refer to Section 3.5.1) is the same for

all vehicles.

In every transportation movement, the vehicle should start and end the journey at the
depot. A vehicle should not return to the depot during the journey. The vehicle can travel
back to the depot only when the maximum capacity is reached or all the customers have been
served. Besides, multiple vehicles are allowed in this environment, while a vehicle can have

multiple trips in a single route arrangement.

3.3 Constraints

A set of constraints need to be satisfied to develop a suitable algorithm that can

produce a feasible solution. The list of constraints for this research is listed below:

i.  The vehicle departs and ends at the origin (depot) for every route.
ii.  Each customer can only be served once.
iii.  The customer is visited by exactly one vehicle only.
iv.  The demand of customers must be fulfilled.
v.  All vehicles will have the same predefined capacity.
vi.  The total capacity cannot exceed the maximum capacity of the vehicle.
vii.  Routes are not allowed to involve only backhaul customers.

viii.  Linehaul customers are served before any backhaul customers.
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3.4 Objective Function

The objective function is to minimise the total transportation distance by maximising

the utility of the capacity.

35 Mathematical Model

The mathematical problem formulation that can describe the problem statement and

the relationship of each component is presented in this section.

3.5.1 Notation

I Set of customers
I, Set of all customers and depot (origin)
n Number of customers

Cij Distance between customer i and customer j;i,j =1, 2, 3, ... n

Coj Distance between the deport (origin) and customer j, j =1, 2, 3, ..., n

m Number of vehicles

K Set of vehicle K = {1, 2, ..., m}

Qy Maximum capacity of vehicle k

D Pickup demand of customer i;i=1, 2, 3, ..., n, p = 0 for a linehaul customer

d; Delivery demand of customer i; i=1, 2, 3, ..., n, d = 0 for a backhaul customer
Vij Load picked up by vehicle k while travelling from customer i to customer j, i #j

zij Load to be delivered by vehicle k while travelling from customer i to customer j,

e

Decision variable:
1, Ifvehicle fromito j by vehicle k

k _
xij - {O, Otherwise
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Equation 3.1 represents the objective function of this research. The corresponding model is

M n
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shown below
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The model above represents the problem statement of VRPB. The objective function
is to minimise the total travelling distance. Equation 3.2 ensures that each customer is served
by exactly one vehicle. Equation 3.3 shows that the vehicle that arrived and departed from a
customer is the same. Equation 3.4 represents that the total picked-up goods are the same as
the sum of the total pickup demand. Equation 3.5 shows that the sum of the goods loaded on
the vehicles at the starting point equals the total delivery demand. Notation y;; and z;; are
defined to calculate the current load for pickup and delivery, respectively. This ensures the
total load loaded does not exceed the maximum capacity set for all vehicles. Equation 3.6
and Equation 3.7 are the flow equations regarding the amount of pickup and delivery loads.
Equation 3.8 ensures the total amount of goods will not exceed the maximum capacity.
Equation 3.9 means the total amount of pickup goods starting from the depot is zero, and
Equation 3.10 means that at the end of the journey, the total amount of delivery goods loaded

must equal zero.

3.6 Conclusion

The problem statement of the VRPB has been discussed in this chapter. This chapter

discusses and defines the parameters, benchmark data, constraints, and objective functions.

VRPB is extended from the classical VRP by separating the customer into linehaul
and backhaul customer types. VRP has become more comparable to the practical
environment after the involvement of linehaul and backhaul customers. Thus, VRPB is
considered more valued than VRP in terms of cost-saving in shortening the total

transportation distance.

Moreover, VRPB has various constraints. A feasible solution should serve all

customers while complying with all the rules. However, the problem has become more
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complex when involved with a list of factors. An algorithm that can cope with all the

constraints is needed to yield an efficient solution.

29



CHAPTER 4

VEHICLE ROUTING PROBLEM WITH BACKHAUL

4.1 Introduction

The proposed Vehicle Routing Problem with Backhaul (VRPB) model is discussed
in this chapter. VRPB is an extended problem from the Vehicle Routing Problem (VRP) by
partitioning a set of customers into linehaul customers and backhaul customers. VRPB can
be reduced to a classical VRP when only linehaul customers are considered. Thus, as a
generalisation of VRP, VRPB is a Non-deterministic Polynomial-time hard (NP-hard)
combinatorial optimisation problem (Zachariadis & Kiranoudis, 2012; Elshaer & Awad,

2020).

VRPB can be solved exactly for small-scale instances. When the scale size increases,
it cannot solve using an exact solution (Zachariadis et al., 2009). As the huge size instances
are difficult to solve efficiently by mathematical programming or the exact solution,
researchers are attracted to solving VRPB by the approximate methods (Osman & Wassan,
2002). Lately, heuristic and metaheuristic-based solutions are more attractive in solving
large-scale and practical applications (Parragh et al., 2008; Braekers et al., 2016; Ko¢ &
Laporte, 2018). Many heuristic techniques have been developed and applied. Although a
heuristic-based algorithm is not able to reach an exact solution, it is suitable to cope with
large-scale and complicated problems. Therefore, a heuristics-based algorithm will be

proposed and applied in this project.
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4.2 Benchmark Data

A set of benchmark instances are used to test the efficiency and effectiveness of the
proposed algorithm. The benchmark datasets used in this research are instances introduced
by Goetschalckx and Jacobs-Blecha in the paper “The Vehicle Routing Problem with
Backhauls” in 1989 (Goetschalckx & Jacobs-Blecha, 1989). It is one of the popular
benchmark data used in past literature research related to VRPB (Osman & Wassan, 2002;
Gajpal & Abad, 2009; Anbuudayasankar et al., 2014; Garcia-Najera et al., 2015; Wassan

et.al., 2016; Ko¢ & Laporte, 2018).

The benchmark instance consists of the location of every factor (depot, linehaul
customers, backhaul customers), vehicle information and the prefixed demand of each
customer. The depot is located in the middle position throughout all benchmark instances,
with a fixed coordinate in [12000,16000]. However, the number of available vehicles, the
vehicle's maximum capacity, the service of each customer type and demand are different.
The demand amount is selected from a normal distribution with a means of 500 units and a

standard deviation of 200 units (Goetschalckx & Jacobs-Blecha, 1989).

The benchmark datasets are composed of different ratios of linehaul customers and
backhaul customers, which are 50:50, 33:67 and 20:80, respectively, with all different
demands. On top of that, the x-coordinate of customers is randomly distributed within the

interval [0,24000], whereas the y-coordinates are generated within the interval [0,32000].

The benchmark instances used in this research are obtained from Marc
Goetschalckx’s website (Goetschalckx, 2014) and the VRP-REP website (Mendoza et al.,
2014). VRP-REP is a collaborative open data platform to share benchmark instances and

solution related to the vehicle routing problem.
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This research chooses five sets of small-scale datasets and one large-scale dataset
from Goetschalckx and Jacobs-Blecha’s benchmark. A total of 22 sets of benchmark
instances consisting of a data size from 25 to 113 are selected for use. The benchmark data
is formed up of different customer sizes, customer demands, customer positions, vehicle
capacity size and the number of vehicles. The vehicle’s size range from 3 to 12 is to measure

and compare the differences in the total travelled distance to the vehicle involved.

The chosen benchmark datasets can be categorised into six sub-problems, sets A, B,
C, D, E, and K. Problem Set A has the smallest customer size, which only involved 25
customers, and problem set K is the largest sub-problem set, which has 113 number of
customers in the total. Table 4.1 shows the summary of customer size for each sub-problem
set that has been used in this project. Furthermore, the 22 sets of benchmark data used in this

research are shown in Table 4.2.

Table 4.1: Customer size of benchmark datasets

Problem Set | Customer Size | Number of Linehaul | Number of Backhaul
A 25 20 5
B 30 20 10
C 40 20 20
D 38 30 8
E 45 30 15
K 113 75 38
Table 4.2: List of benchmark datasets
Dataset | Customer | No. of No. of Number of | Capacity size
size linehaul | backhaul vehicle of vehicle
Al 25 20 5 8 1550
A2 25 20 5 5 2550
A3 25 20 5 4 4050
A4 25 20 5 3 4050
B1 30 20 10 7 1600
B2 30 20 10 5 2600
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Table 4.2: continued

B3 30 20 10 3 4000
Cl 40 20 20 7 1800
C2 40 20 20 5 2600
C3 40 20 20 5 4150
C4 40 20 20 4 4150
D1 38 30 8 12 1700
D2 38 30 8 11 1700
D3 38 30 8 7 2750
D4 38 30 8 5 4075
El 45 30 15 7 2650
E2 45 30 15 4 4300
E3 45 30 15 4 5225
K1 113 75 38 10 4100
K2 113 75 38 8 5200
K3 113 75 38 9 5200
K4 113 75 38 7 6200

4.3  Data Pre-processing

This research uses data pre-processing to produce a list of the feasible initial solution.
The list of feasible solutions is generated initially before proceeding to the improvement

stage.

In this process, the benchmark instances shown in Table 4.2 generate the initial
solution. The feasible solutions are required to adapt to all the factors and conditions. The
factors such as the size of the customer, location of the customer, customer demand, and

vehicle capacity are all taken into consideration.

Besides, all the constraints should be accomplished in this stage. Generally, the
distance among all the customer locations is calculated and presented in a distance matrix.

The detailed workflow of the step is discussed in the following section.
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4.3.1 Data Distance Calculation

Each benchmark instance has provided a coordinated location for the depot and the
customers. The distance between each node (customer and depot) is calculated in this step.
The depot has a fixed coordinate of [12000, 16000], whereas each customer is randomly
located around the x intervals and y intervals between the coordinate position of [24000, 0]

and [0, 32000].

The distance between two customer nodes is calculated using the Euclidean Distance
formula given in Equation 4.1. Here, (x;, y;) are the coordinates of Customer 1, c; ,
whereas (x,, y,) are the coordinates for Customer 2, c,. Moreover, d,, is the distance

between (x4, y;) and (x5, y,).

di; = \[(xl. — %)%+ (¥, — ¥))? Equation 4.1

Each coordinate can only be allocated by one customer. Overlapping the coordinate
location between customers will not happen in the selected benchmark instance. The
distances are calculated and recorded in a distance matrix. The distance matrix below is used

to illustrate the distance-storing pattern which is used in this project.

Chb € C Cn
co / 0 doy doz - doj \
Cl le 0 d12 en dl]
C.Z | dzo d21 0 e d2] |
“n \ dip dyy diz .. O /

Figure 4.1:  Distance matrix
Figure 4.1 is the distance n X n distance matrix used to represent the distance

between the data set with n number of customers and a depot. Element ¢, represents the
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depot, and all customers are presented by element c; until c,. Matrix value dy, is the
distance between the depot and Customer 1, whereas d,, is the distance between Customer

1 and Customer 2.

Theoretically, the distance of an object to or from itself is always equal to zero.
Therefore, the value of the main diagonal is all zeros. Besides, the value of the upper
triangular part of the distance matrix is a mirror of its lower triangular. Meanwhile, the
distance travelled from Customer 1 to Customer 2, d,, is the same as the distance travelled

from Customer 2 to Customer 1, d,;.

Figure 4.2 below shows the data of Problem Set A that was recorded and used in this
project. Columns customer_id, x-axis, and y-axis represented the customer nodes, the x-

interval values, and the y-interval values of the customer respectively.

customer_id X-axis V-axis customer_type demand
1 21,524 24 879 1 483 )
2 22,337 17,915 1 289
i< 7,042 9,722 1 435
4 3,707 20,036 1 452
5 15,492 2,721 1 343
o 12,420 10,638 1 444
F 13,595 1,918 1 230
a8 4,290 2,721 1 307
o9 18,684 5,268 1 8210 .
10 8,686 9,346 1 1,002 L LlnehaUI
11 23,140 10,989 1 476 customer
12 5,263 14,289 1 674
13 19,557 17,564 1 691
14 23,281 29,684 1 G735
15 374 22,683 1 410
16 18,804 9,082 1 351
17 5,444 25,004 1 786
18 20,390 25,745 1 59
19 4,210 21,692 1 362
20 8,326 2,495 1 550 _J
21 9,795 21,510 2 549
22 7,758 10,895 2 558 Backhaul
23 12,927 2,464 2 831 CUStomer
24 23,286 5,238 2 288
25 7416 15,826 2 194

Figure 4.2: Data of Problem Set A
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Customers with the customer type of value 1 denoted the linehaul customers, and the
backhaul customers are the customers with customer_type which is equal to 2. The demand

of each customer has been listed in the demand column.

Figure 4.3 below shows the sample of the distance matrix for Problem Set A
generated in this project. customer_id 0 denoted the depot and customer_id 1 to 10 are
Customer 1 to Customer 10. Columns d_0 to d_10 represented the distance between two
respective location points. For example, for the row in which customer_id equals 1, d_0 is
the distance between Customer 1 and the depot, and d_2 is the travel distance between

Customer 1 and Customer 2.

customer_id do d1 d2 d3 d_4 d5 d_6 d_7 d8 d9 d_10
0 0.00 13,020.88 10,512.89 764235 9,222.97 13,73047 5379.21 14,172.04 15,355.00 12,643.25 7,255.12
1 13,020.88 0.00 7,011.30 20,553.46 18463.48 22,964.36 16,896.95 24,291.49 28,071.12 19,815.57 19,997.88
2 10,512.89  7,011.30 0.00 16,824.63 18,750.35 16,664.68 12,292.41 18,229.83 23,591.35 13,164.00 16,012.18
3 764235 20,553.46 16,824.63 p.00 11,039.15 10,518.39 4,874.83 9,815.33 7,762.08 11,906.46 1,058.73
4 9,222.97 1846348 18,750.35 11,039.15 0.00 20,945.06 12,822.37 20,640.60 17324.81 21,033.41 11,611.66
53 13,730.47 22,964.36 16,0604.68 10,518.39 20,945.06 0.00 848851 2,099.96 11,202.00 4,083.63 9,638.58
6 5379.21 16,896.95 12,29241 4,874.83 12,822.37 §8,4838.51 0.00 879748 11,355.11  8,243.14 3,900.00
7 1417204 24,291.49 18,229.83 9,815.33 20,640.60 2,059.96 8,797.48 0.00  9,339.58 6,092.65 9,071.09
8 15,355.00 28,071.12 23,591.35 7, 762.08 1732481 11,202.00 11,355.11 9,339.58 0.00 1461761 8,118.22
9 12,643.25 19,815.57 13,164.00 11,906.46 21,033.41 4,083.63 8,243.14 6,092.65 14,617.61 0.00 10,874.80
0 725512 19,997.88 16,012.18 1,058.73 11,611.66 9,638.538 3,900.00 9,071.00 8,118.22 10,874.80 0.00

—_

Figure 4.3: Distance matrix of Problem Set A

4.4 Initial Solution

In this stage, a simple priority rule heuristic is applied to generate the initial feasible
solution. In order to fulfil the constraints of VRPB, some pre-arrangement is carried out
before executing the sorting process.

First, the number of routes is dependent on the number of vehicles given for each
benchmark dataset. For example, 8 different routes are generated in dataset Al since the
predefined vehicle for it is 8. Then, as a vehicle should depart from the depot, the depot will

be the first and the last node for every single route. Next, in VRPB, the solution with only
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backhaul customers is not allowed. Meanwhile, the number of linehaul customers in each
route should equal or more than one. In order to cope with this constraint, at least one
linehaul customer needs to be reserved for every route. Hence, in this study, the second node
always starts with a linehaul customer. Figure 4.4 represents the structure of each route in

the initial solution.

No. of vehicle =2

! |

wes J-O— QODG© —J
1
! !

Route 2 I—»O—» :®® E—»I

b o o o = = ===

I Depot O Linehaul customer @ Backhaul customer

Figure 4.4:  Sorting structure for each route in VRPB

Moreover, as observed from Figure 4.4, the linehaul customers are prioritised to be
selected as the next serving customer before any backhaul customer. The linehaul customers
are considered first due to the constraint in which linehaul customers are served before

backhaul customers.

Figure 4.5 below represents the vehicle travelling movement of this research in a
sample transportation network. The serving sequence for linehaul customers is determined

before the backhaul customers. Besides, the vehicle always starts and ends at the depot.
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Movement direction
Linehaul customer
Backhaul customer
Depot

»20 |

Figure 4.5:  Vehicle travelling movement of VRPB

The route is generated based on the priority rule heuristic. The initial solution is

formed based on the following consideration:

Set the nearest linehaul customer as the first node to be visited in each route.
Seek the next linehaul customer with the nearest distance. Check on the total
loaded capacity size.

- If the total capacity is under the limit, set the customer as served and
searched for the next node.

- Else, seek the second nearest linehaul customer from the last node and
check the total capacity loaded.

Look for the backhaul customer with the nearest travel distance from the last
node of the route and check on the capacity after no possible linehaul
customer can be served.

- If the total capacity is under the capacity limit, set the customer as

served and searched for the next node.
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- Else, seek the second nearest backhaul customer from the last node
and check the total capacity loaded.
In short, the linehaul customers with the shortest travel distance from the depot will
be considered and selected first before any backhaul customer. Figure 4.6 represents

assigning the second node (linehaul customer) for each route based on the distance travelled.

\ 4

Nearest unserved customer from depot

¢ [0 18 (10) 23 26 25 16
C1 18 U 20 55 14 10 24
c; 110 20 0 15 10 21 32 »

C¢ 127 13 26 21 17 22 0

Route 1: Co | C

Route 2: ¢,

Nearest unserved customer from depot
Co €1 C (3 € Cp 6

c 0 18 23 26 25
0 [ ® Route 1: ¢q , ¢,

¢T 18— 0 20 33~ 14 10 2%
¢ |10 20 0 15 10 21 32 »

C¢ 127 13 26 21 17 22 0

Route 2: ¢y Jcg

Figure 4.6:  Node assignation (Second node)

Then, starting with the first route, the next linehaul customer with the nearest distance
is assigned when going through the priority algorithm. Figure 4.7 represents the assignation

process depending on the travel distance.
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Nearest unserved customer from c,

Co
¢ 10
1 |18 - Route 1: ¢y, c5 I ¢y
C; |10 (20 O

Route 2: Co, Ce

C¢ 127 13 26 21 17 22 0

\ 4

Nearest unserved customer from c,

Cob G C g €4 C5 (g
Co [0 18 10 23 26 25 167 .
¢; |18 _0_ 20 33 14 10 24 - Route 1:¢cq , ¢z, ¢4 | €3
c2 110[ 20 0 15) G0 21 32
Ce l27 13 26 21 17 22 0

Route 2: Co, Ce

Figure 4.7:  Node assignation (shortest travelled distance)

The capacity constraint is determined to make sure no violation has occurred. The
vehicle needs to carry and supply the load from a depot. This checking has ensured the total
load carried will not exceed the maximum capacity of the vehicle. This process is repeated
until there is no suitable linehaul customer. The algorithm for the priority rule for linehaul

customers starting from the depot is defined as in Algorithm 4.1.

Algorithm 4.1: Priority Rule Heuristic for Linehaul Customer
n = total number of unserved linehaul customer,

Q = maximum capacity of vehicle,

D = Summation of load deliver by the vehicle for customer, x;_4,
d = delivery demand for x

WHILEn >0
xO = O
FORi=1ton
Assume that x; is the nearest linehaul customer from the previous node, x;_
IF(D+d;)<Q
X; = l, D=D+ di
ELSE
Skip x;
ENDIF

ENDFOR
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Next, the backhaul customers are considered after all linehaul customers have been
served. The backhaul customer with the shortest travelling distance from the last node is
selected, and capacity checking is executed. A backhaul customer is a customer required for
the pickup service. Hence, capacity checking is now focused on the total loads collected
along the way before the vehicle returns to the depot. The algorithm for the priority rule for

backhaul customers and end at the depot is defined in Algorithm 4.2.

Algorithm 4.2: Priority Rule Heuristic for Backhaul Customer
n = total number of unserved backhaul customer,

Q = maximum capacity of vehicle,

P = Summation of load pickup by the vehicle for customer, x;_4,
p = pickup demand for x

FORi = 1ton,wheren>0
Assume that x; is the nearest backhaul customer from the previous node, x;_;
IF(P+p;)<Q
x;=10;P=P+p,;

ELSE
Skip x;
ENDIF
ENDFOR
Xi+1 =0

The vehicle is returned to the depot when the maximum capacity loaded has been
reached, or no suitable customer can be found. The process of forming a single route stops
here and starts to form the next route. The data pre-processing is terminated until all the
customers are served exactly once. Lastly, the total travel distance of each route is calculated
and summed up. The final solution yields throughout the initial solution and has become the
feasible solution used in the improvement stage. Figures 4.8 and 4.9 below show the flow
charts of the overall algorithm used to produce the initial solutions. Figure 4.8 represents the
data flow diagram for linehaul customers, and Figure 4.9 illustrates the data flow diagram

for the backhaul customers.
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/ Benchmark dataset

/

Number of route created based on the number vehicle provided in dataset

Does every route has
one linehaul customer ?

Yes

Start a new route from origin

Move to next route

4|> Linehaul customer with shortest distance <

Skipped and search l
for next customer

Has the customer
been served before ?

Is maximum
capacity reached ?

Priority Rule Heuristic

Does all linehaul customers
have served once ?

Yes

Skipped and
search for next
linehaul
customer

No

No

Figure 4.8:  Data flow diagram of VRPB linehaul customer
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Backhaul customer with shortest distance

A

Skipped and search
for next customer

Yes Has the customer

been served before ?

Skipped and
search for next
customer

Yes

Is maximum
capacity reached ?

Priority Rule Heuristic

Does all backhaul Skipped and
customers been move to next
served once ? route

Calculate total travel distance
and total capacity used.

A 4

End

Figure 4.9:  Data flow diagram of VRPB backhaul customer

Figure 4.10 below shows the initial solution for Dataset Al, generated by the
proposed priority rule heuristic obtained in this project. Dataset Al has a predefined total of
8 vehicles with a maximum capacity of 1550. Therefore, the generated solution has 8 routes

and the total loads in each route are always under 1550. In Figure 4.10, each route_no
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represents one vehicle, and the data in the route_list column shows the travel movement of

each particular vehicle. Based on Figure 4.10, in Route 1, the vehicle travels from depot 0

to serve Customers 6, 9, 18, 23, and 22 consecutively, then returns to the depot. The

total_travelled_distance column represents the total distance travelled in each route, and the

total_delivery_amount and total_pickup_amount are the summaries of the vehicle’s capacity

in each route. As shown in Figure 4.10, backhaul customers are served after the linehaul

customers.

0
0
0
0
0
0
0
0

== T I - T ¥ B R X R R

r
6/9]18¢23|22}0

12

route_no  route_list

total_travelled_distance total_delivery_amount

75145.074724577

17 r21 2412510 67655.135708622

1
14

11

40273.870711847

15| 0 70363.871555988
2080 45989.224125895

2

715

48143.960651076
47203.238421383
19406.508193344

1313
1460
1485
1520
1548
1317
1055
351

total_pickup_amount
1409
1131

[ R s R e [ s Y e [ e |

45  Variable Neighbourhood Search Algorithm

Figure 4.10: Initial solution for Dataset Al

This stage is considered the improvement stage of this research. The Variable

Neighbourhood Search (VNS) is applied to improve the initial solution obtained in the data

pre-processing stage. VNS constructed by a list of local search procedures and shaking

methods. Three local search techniques and two random shaking methods have been

proposed in this research:

Local Search Techniques

a. Local 1-to-0 Swap

b. Local 2-to-1 Swap

C.

Local 1-to-1 Swap
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ii.  Shaking Methods
a. Random Multiple 1-to-0 Swap
b. Random Pick Solution
In this research, the local search techniques are arranged in a static structure. The
proposed three local search techniques are grouped as local improvement processes. The
first local search is the Local 1-to-0 Swap, followed by the Local 2-to-1 Swap, and the last
is the Local 1-to-1 Swap. Each local search method will be run exactly once in each
improvement iteration. While the shaking methods are random pick among the Random Pick
Solution and Random Multiple 1-to-0 Swap. Figure 4.11 shows the two possible algorithm

structures that can take place in the proposed VNS.

3

Local 1-to-1 Swap

Random Multiple 1-
to-0 Swap

Feasible Local improvement process Randomshaking _______
solution i i

] Local 1-to-0 Swap ; Random Pick

1 1 i

i i Solution

i 3 i

1 1
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1 1
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Figure 4.11: Algorithm structure of VNS
Local search techniques are used to obtain the possible neighbourhood combinations
in order to increase the chances of reaching the optimum. The structure of the feasible
solution produced in the initial stage is rearranged systematically, and a list of

neighbourhood solutions is obtained through the local search algorithm.

In a local improvement process, the current best solution is kept updated if the newly

yielded solution is able to achieve a better result. In this project, the total travelled distance
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is used to weigh the quality of the yielded solution. The total travelling distance of each
feasible solution is calculated, and the capacity constraint is checked. Hence, the new
feasible solution with the shortest total travelled distance will replace the current best
solution structure. The process flow used to determine the best solution structure in the local

search process is defined in Algorithm 4.3.

Algorithm 4.3: Determine the best solution structure

n = Total number of node in the solution route,

d = Distance travel from x; to x;,,

Spest = Current best feasible solution structure with shortest travelled distance
Dyest = Current shortest travelled distance

Snew = New feasible solution structure

Dy.w = New total travelled distance

Assume that S,,,,, has complied with all constraints

FORi=1ton
Dpew = Dpew + d;
ENDFOR

IF Dnew < Dbest
Dpest < Dpew

Spest < Snew

ELSE
Skip Spew

ENDIF

The rearrangement process is executed repeatedly until a local optimum is reached.
This local improvement process ends when no new improvement structure can be generated.
Then, the next local search process is launched using the same process flow. However, the

feasible solution that is discharged is saved and kept in a solution list.

In short, the best solution obtained in a local search process will become the input
solution for the next local improvement process. Subsequently, once a new feasible solution
has been obtained, new local improvement processes will be carried out again, starting from

the first local search. Along the way, the current best solution is updated when an
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improvement is met. The local improvement processes are executed repeatedly until no
further improvement. In this case, the process is terminated, and the number of improvement
iterations is increased by one. Figure 4.12 provides the flow of the local search algorithm of

this research.

Local improvement process Local 1-to-0 Swap

No improvement

Local 1-to-0 Swap

1
1
1
1
1
1
1
1
u :

i No improvement

Local 2-to-1 Swap I L 4
1
1
1
1
1
1
1
1
1
1
1
1
1

Has
improvement

Local 2-to-1 Swap

u Local 1-to-1 Swap

Local 1-to-1 Swap

No improvement
Iteration + 1

Shaking method

Figure 4.12: Local search algorithm of VNS

Next, the random shaking method is applied to get the new neighbour structure. Each
shaking method contains stopping criteria. If no feasible solution can be generated and the

stopping criteria have been reached, another shake method will be applied.

Shaking iteration ended if a feasible solution had been obtained. On the other hand,
if no feasible solution can be found after all shake methods have been tried, the shaking
process will be skipped. In this condition, the last improvement solution will be treated as
the new feasible solution and applied to the local search process. Moreover, VNS ends when
the maximum iteration number of improvement is reached. The maximum iteration set for
this project is 30 iterations. The data flow diagram for the improvement stage is shown in
Figure 4.13. The shaking and local search algorithm details are discussed in the subsection

below.
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Figure 4.13: Data flow diagram of VNS
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45.1 Local Search Techniques
4511 Local 1-to-0 Swap

A customer (linehaul or backhaul) from a route is shifted to an alternative route until
all customers have been selected once. The feasible outcome must comply with the
constraint that the backhaul is served after the linehaul customer, and no route should contain

only the backhaul customer. Figure 4.14 shows the schematic flow of the Local 1-to-0 Swap.

000000000

Figure 4.14: Local 1-to-0 Swap

Figure 4.15 below demonstrates the Local 1-to-0 Swap performed in the customer
node, c,;, where the structure is rearranged systematically to obtained a list of feasible
neighbourhood solutions. Assume that customers, ¢ = {1, 2, 3, ..., 7} are linchaul customers
whereas cg and cq are backhaul customers, while ¢, represented the depot. Generally, the
Local 1-to-0 Swap moves a node from its current position to another location in a different
route. The position of the first customer node, ¢, is changed systematically to test out all the
possible solutions that can be formed. As shown in Figure 4.15, solutions 1, 2, 3, 4, and 5

are the new neighbourhood structures of the current best solution.
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Solution 1:
Route 1: ¢y .€Cy.C5.€C4.C5.
Route 2:¢cp | €y €6 . C7 . Ca. & . €

Current best solution:

Solution 2:
Route 1: ¢y .€z.C3.C4.C5. G

Route 1: ¢y Joqy dcy .03 .64 . €5, €y

Route 2: ¢y €. Cr .Cy . Cq. Cy

Route 2: ¢y .cql €1 4C7 .Cq . Co. €y

Solution 3:
Route 1: ¢y .€Cy.03.C4.C5. Gy

Route 2: ¢y . Cg . 7 | cl.lcﬁ .Cq ., Cy

Infeasible Solution

Solution 4:
Route I: €y .C5. Gy . €4 . C5.Cy
Route 2: ¢p. Cg. G 1 Cab €1 | Gk Gy

Solution 5:
Route 1: €p . €. CG3. €4 . Cg . Cp

Route 2: ¢y . €4, G 1 €5 - Cof €11 Gy

Figure 4.15: Lists of neighbourhood structure of node c;

Solutions 1, 2 and 3 are feasible. However, solutions 4 and 5 are infeasible. In this
scenario both cg and ¢4 are backhaul customers, and based on the constraint condition, a
linehaul customer should be served before the backhaul customers. Therefore, the linehaul
customer, ¢, cannot be relocated behind cg and c,. Thus, solutions 4 and 5 are not taken into

consideration in this example.

Once a feasible structure is obtained, the summation of the total travelling distance
of each route of that structure is calculated. The total travelled distance is used to determine
the performance of the solution. The solution structure with the shorter travelled distance is

denominated as the new current best solution structure, as shown in Algorithm 4.3. If found
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that solution 2 is able to produce a better solution than the current best solution, solution 2
will be recorded as the new current best solution, and the local search procedure will restart
again with the new current best solution. In this circumstance, solution 3, shown in Figure
4.16, will not be generated. When no improved solution can be found after all the customer
nodes are tested with the Local 1-to-0 Swap, the algorithm will move to the next local search

method.

Solution 1:
Route l:¢p.€C3 .03 .C4.C5 .G
Route 2: ¢y, ¢y, Cq, €7, €5, Cqy , Cy

Feasible solution but no improvement
in total travelled distance

\

Route 1: ¢y . €y , 03 .Cy.C5 ., Cp
Route 2: ¢y . €5 . €1 . €7, €5 . Cg, Cy

Solution 2;

Feasible solution with improvement in # Start a new local search IL‘rﬂp LISillg
total travelled distance - . .

the first node of the new current best
solution, ¢s

-Eﬁmﬁml_ 3 _—

e Route |: ¢ C3.,C4,05,C
Route 1: ¢y . Cp 85Ty . C5 . Cp o #2250 00
- - Route 2: ¢y . C . € . C7, 65 ,Cq, Cg

Route2:Ty , €4 . €7 . €y, Cg 2 Co Lo

— -

Figure 4.16: Process flow when better feasible solution has found

45.1.2 Local 2-to-1 Swap

Two consecutively arranged customers (both linehaul or backhauls or mixed linehaul
and backhaul) in a certain location are swapped iteratively with a customer (linehaul or
backhaul) from a different route until all feasible structures are tested. Figure 4.17 shows the

pattern of Local 2-to-1 Swap.
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Figure 4.17: Local 2-to-1 Swap

The possible 2-to-1 swapping combinations are:

i.  Two linehaul customers are swapped with a linehaul customer from a
different route.

ii.  Two backhaul customers are swapped with a backhaul customer from a
different route.

iii. A linehaul and a backhaul customer that line up one after the other are

swapped with the first or last linehaul customer from a different route.

45.1.3 Local 1-to-1 Swap

A customer's location (linehaul or backhaul) is swapped iteratively with another
customer (linehaul or backhaul) from a different route until all feasible structures are tested.
Customers who choose to swap should have the same customer type. The only swap that can
happen between a linehaul and a backhaul customer is when the last linehaul customer in a
route is swapped with the first backhaul customer in another route and vice versa. The

possible swapping pattern of the Local 1-to-1 Swap is shown in Figure 4.18.

52



COOO000
0

00000000

0 000000
[:J Loop 2

00000000

Figure 4.18: Local 1-to-1 Swap

Figure 4.19 below shows the sample of two feasible structure sets for Dataset Al
obtained from undergoing Local-1-to-1 Swap. Route numbers 1 to 8 are the initial solution
of Dataset Al. Route numbers 9 to 16 are the feasible neighbourhood solution obtained by
swapping customer node 6 and customer node 1. However, routes number 17 until number
24 are the second feasible set of Dataset Al that was found after swapping customer node 6
with customer 16. In this case, the second solution with the shorter travelled distance is

selected to be the current local optimum solution.

route_no  route_list exchange_values total_delivery_amount total_pickup_amount total_travelled_distance
1 0]6l9l18]23|22]0 Tnitial Solution 1313 1409
2 0]12]17|21]124125]0 Initial Solution 1460 1131
3 0]10]1]0 Tnitial Solution 1485 0
4 0]3]14115]0 Tnitial Solution 1520 0
5 0]13]20/8]0 Tnitial Solution 1548 0
6 0]4]11]2]0 Tnitial Solution 1317 0
7 0]19]7]5]0 Initial Solution 1055 0 Initial solution
g 0]16]0 Tnitial Solution 351 0 414180.8841
{9 o(1)sis|23]2210 eAND: 132 1409 :
1 10 0]12]17]21]24]25]0 6AND1 1460 1131 |
1 1 0 10@0 6 AND 1 1446 0 |
: 12 0]3]14]15]0 6 AND 1 1520 0 1
| 13 0]13]20]8]0 6 AND 1 1548 0 : 1% Local
| 14 0]4l11]2]0 6 AND 1 1317 0 | ocal 1-to-1
| 15 0]19|7[5]0 6 AND 1 1055 0 1 Swap outcome
Lo o olwelo o _emoi_ s 0 oo J0634349
;'"1?'0'9'13'23'2'2'0"sﬁm'xs'"'xz'zn"""'mn'g """"""" :
| 18 0]12]17]21]124|25]10 6AND16 1460 1131 |
1 19 0j101]0 & AND 16 1485 0 I
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AR © LI T R Lo _fwasr

Figure 4.19: Lists of outcome for Dataset Al by Local 1-to-1 Swap
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4.5.2 Shaking Methods

4521 Random Multiple 1-to-0 Swap

One customer (linehaul or backhaul) is selected randomly from a randomly selected
route and shifted to an alternative random route. The feasible outcome must comply with the
constraint that backhaul is served after the linehaul customer. This method is looped for a
random iteration from 3 to 10 times. The outcome produced in the first loop is the input for

the second loop. Figure 4.20 shows the flow of Random Multiple 1-to-0 Swap with 2 loop

iteration.

COCO00OD |
000000080

Loop 2

3
SO @l @,

Figure 4.20: Random Multiple 1-to-0 Swap

Figure 4.21 shows the sampling process for the Random Multiple 1-to-0 Swaps.
Assume that customers, ¢ = {1, 2, 3, ..., 7} are linehaul customers, cg and cq are backhaul

customers, c, represented the depot, and the randomly generated iteration number for this

shaking method is equal to 3 times.
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Local optimal solution:

Shaking loop 1:
Route 1: Cul €1 C2.Cq . Cq . C5 . Gy - s —

‘ ROUIC I: Cu C?_ ‘CE Cq_ . !:‘5 - CD
Route 2: ¢y cg¥ c7. 6. Cg . C N
Route 2: ¢y 6. €. €7, Cg . €q. G

Shaking loop 2:
Route 1: ¢y . €5. €4 . C5 . €

Route 2: o, €3.C . G { & . Cad o} G

Shaking loop 3:
Route 1:Cy.C. G4, Cg . Cq - Cy

Route 2:cy.c3.64. 6.C7.C5.Cp

Figure 4.21: Outcomes of 3 times Random Multiple 1-to-0 Swap

As shown in Figure 4.21, the customer ¢, is randomly selected to be swapped from
a locally optimal solution. Different from the process in the local search, the swapping
process for the shaking methods can be performed randomly and allocated to a random
position. In Figure 4.21, the customer c; is selected to re-allocate in between ¢, and ¢, in
Route 2, as long as it is under the constraint condition. Next, in shaking loop 1, the customer
c5 is randomly selected to be the customer to be swapped. The selected customer can be
either a linehaul or backhaul customer. Lastly, the feasible solution produced after
undergoing the shaking method is updated to be the new solution. The new solution is then

improved in the new local search cycle.

4522 Random Pick Solution

A set of feasible solution sets is randomly selected from the solution list. The solution

list is the list of the feasible solutions generated along the VNS process. This method is
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proposed in case no feasible solution can be generated in Random Multiple 1-to-0 Swap.
This method ensures that there is always a feasible solution that can be improved in the next

local search techniques.

In summary, the algorithm for local search is developed to always refer to and start
the swapping process from the current best solution. The final solution must be better than
the current best solution with all constraints met. On the other hand, random shaking will
always perform the swapping operation, starting with the last swapped combination

obtained. The final outcome may not be the best, but it needs to be feasible.

Furthermore, compared to the common practice in VNS, a random shaking solution
is randomly picked from the generated kth neighbourhood solutions (Hansen et al., 2008).
The Random Multiple 1-to-0 Swap is proposed to be incorporated into the proposed VNS to
gain a more significant shaking solution. Table 4.3 shows the comparison between local

search and random shaking methods.

Table 4.3: Differences between local search and random shaking method

Comparison Item Local Search Random Shaking
Solution be undergoing | Always refer to the current | Always refer to the last swapped
swapping operation best solution combination solution
Final solution Improved and feasible | Last and feasible solution

solution

4.6  Result and Analysis

In this research, the experiments are run using a computer at 2.5GHz on an Intel Core
i5 processor with 4GB RAM. The operating system is 64-bit Windows 7 Premium.

Furthermore, the algorithm is written in php, and the xampp web server is used for debugging
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and compiling the system. The database of the system is connected and managed using

phpMyAdmin.

The 22 sets of benchmark instances with the various number of linehaul and backhaul
customers, numerous vehicles, and different vehicle capacities are used to test the
performance of the proposed solution. The algorithm performance and computational result
obtained by the proposed heuristic for each data instance are presented. Then, the best
solution obtained in this research is compared with the best-known solution from the

literature research discussed. The gap between both solutions is calculated and analysed.

4.6.1 Computational Time

The total computing time used to generate the initial solution is presented in Table
4.4. In the meantime, the total compute time spent in VNS to reach an optimum solution is
recorded. The average time used to generate one set of feasible solutions is calculated by
dividing the total time spent by the total looping number, which takes place in the

improvement stage before it reaches the optimum.

Table 4.4: Lists of compute time of VRPB

Dataset | Customer | Number | Initial | VNS | Total | Number | Average
Size of Solution | (hrs) | compute of runtime

Vehicles (s) time feasible | for each

(hrs) solution | looping

(loop) (s)

Al 25 8 56 2.998 | 3.014 434543 | 0.0249
A2 25 5 55 0.877 | 0.892 178667 | 0.0179
A3 25 4 34 2414 | 2424 450937 | 0.0194
Ad 25 3 33 2.053 | 2.062 281626 | 0.0264
Bl 30 7 141 0.472 | 0.511 10743 0.1712
B2 30 5 61 0.544 | 0.561 94808 0.0213
B3 30 3 15 0.211 | 0.216 40695 0.0191
Cl 40 7 130 2.084 | 2120 399482 | 0.0191
C2 40 5 76 1.484 | 1.506 278674 | 0.0194
C3 40 5 57 4.030 | 4.046 890977 | 0.0163
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Table 4.4: continued

C4 40 4 56 7.870 | 7.885 | 1381268 | 0.0206
D1 38 12 125 4.080 | 4.114 289065 | 0.0512
D2 38 11 114 3.045 | 3.077 522696 | 0.0212
D3 38 7 83 10.21 | 10.24 716549 | 0.0514
D4 38 5 77 5.293 | 5.314 | 1045095 | 0.0183
El 45 7 100 8.134 | 8.162 311844 | 0.0942
E2 45 4 77 11.98 | 12.00 | 1187229 | 0.0364
E3 45 4 146 6.149 | 6.189 277613 | 0.0802
K1 113 10 898 22.75 | 23.00 | 6064912 | 0.0137
K2 113 8 802 2523 | 2545 |5998831 | 0.0153
K3 113 9 756 20.37 | 20.58 | 5095408 | 0.0145
K4 113 7 732 2493 | 25.131 | 5766870 | 0.0157

According to Table 4.4, the overall trend shows that the total compute time increases
when the size of the customer or the number of vehicles increases. The time used to get an
optimal solution is increased exponentially from Problem Set A to Problem Set K. Based on
the table, Problem Sets A, B, C, and D, which with a customer size below 40, are mostly
able to complete the process within 10 hours. When the size of the customer increased to 40,
the longest time needed became 12 hours. Then, for Problem Set K, the time required is

approximately one day.

Based on the results, VNS needed a longer time in the neighbourhood restructuring
process for a large data instance. The total compute time for Problem Set B is the shortest,
possibly because the customer size of Problem Set B is small and the number of vehicles for
Set B is lesser. From the Table 4.4, Problem Set B has fewer vehicles than Problem Sets A,
C, and D. Thus, the time needed for VNS to restructure the neighbourhood solution will be

shorter than other datasets.

Besides, although the average runtime for Problem Set A and Problem Set K are
close to each other, which only took 0.02 seconds per loop, their total time to reach the

optimal solutions shows a big gap. This is because the data size for Problem Sets A, B, C,
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D, and E are comparatively smaller. Thus, the time needed to serve all customers until the

optimum is shorter compared to the total time needed for Problem Set K with 113 customers.
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Figure 4.22: Time taken of initial solution

Figure 4.22 above represents the total time consumed to generate the initial solution
and the number of vehicles used in each tested instance. According to Figure 4.22, the total
time taken in the initial stage shows an increment when the number of vehicles increases.
As observed from the group perspective for Problem Sets A, B, C, D and K, the time taken
to generate the initial solution decreased as the total number of predefined vehicles
decreased. The outcomes have implied within the instances with the same data size that the
time used to form the initial solution with a higher vehicle usage is longer than that with

fewer vehicles. Figure 4.23 below represents the total time consumed in VNS.
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Figure 4.23: Time Taken of VNS

According to Figure 4.23, time taken for VNS to reach optimum is not consistent.
This is due to the number of loops executed in VNS depending on the improvement of the
solution. In VNS, the improvement procedure is repeatedly performed until no improvement
exists. The number of loops and feasible solutions that can be found and formed is
uncontrollable. The local search procedure can only be ended when no further improvement
can be found. Moreover, in VNS, the shaking method is applied randomly. The number of
times to execute the shaking process is unpredictable. All of these factors could lead to a

longer processing time.

In contrast, A2, B1, C1, C2, D1, D2, E1, and K1 can reach optimum with a shorter

executing time even with the large number of vehicles used. These have presented that local

60



the trap of local optima in a short time.
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Figure 4.24: Total compute time of VRPB

Furthermore, Figure 4.24 above shows that the compute time of the VNS is longer
than the priority rules heuristic. According to the data, the total time used to execute the
improvement stage has occupied more than 95% of the overall time consumed. The results
indicated that a meta-heuristic solution is more time-consuming than a heuristic solution.
VNS needs to undergo a few loops until all possibilities are tried, and the global optimum

solution is reached.

Generally, the results indicate that the total time used to retrieve the final solution for
a smaller customer data size is shorter than the benchmark data with a large scale size.
Moreover, the total time taken to reach a final solution for the benchmark data with a large

vehicle number is shorter than the dataset with fewer vehicle numbers. In VRPB, the number
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of predefined vehicles must be used to complete the task. Therefore, the number of vehicles
represented the number of routes used to serve the customers. Thus, fewer vehicles denoted
that the number of routes is lesser; the fewer the number of routes, the fewer the number of

neighbourhood structures that can be formed and the shorter the time required.

Lastly, most benchmark datasets have a similar reading on the average looping time.
The readings indicated that the proposed algorithm could generate a feasible solution with a

consistent speed, which is around 0.036 seconds.

4.6.2 Computational Result

The selected benchmark datasets consist of different ratios of linehaul customers to
backhaul customers, which are 50:50, 33:67, 67:33, 80:20 and 20:80. Table 4.5 shows the
characteristic of the sub-problem set used in this research. Benchmark datasets with different
customer ratios are used to test the robustness of the proposed method under different

scenario types with varying amounts of customer types.

Table 4.5: Characteristics of each sub-problem sets (customer ratio)

Problem | Customer | Number of | Number of | Percentage of | Percentage of
Set Size Linehaul Backhaul linehaul (%) backhaul (%)

A 25 5 20 20 80

B 30 10 20 33 67

C 40 20 20 50 50

D 38 30 8 80 20

E 45 30 15 67 33

K 113 75 38 67 33

Sub-problems A and D are the sets that hold the biggest gap between the number of
linehaul and backhaul customers. Set A and D groups under the same ratio of 20:80 with the
customers’ sizes are 25 and 38, respectively. Although sets A and D are categories under the

same ratio group, the major customer group in set A is backhaul customers. In contrast, the
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major customer group in set D is linehaul customers. Since they have the same ratio, sets A
and D can be used to test the performance of the proposed method in solving the following
scenarios:

Scenario I: Number of backhaul customers is four times bigger than the number of
linehaul customers

Scenario 11: Number of linehaul customers is four times larger than the backhaul
customers

Besides, sub-problem sets B, E, and K have the customer with a ratio of 33:67. The
diversity between the two customer types of set B, E and K is relatively smaller compared
to sets A and D. In sub-problem B, the major customer is backhaul customers. In contrast,
in sub-problem E and K, the number of linehaul customers is greater than backhaul
customers. Hence, the scenarios can be compared as follows:

Scenario I11: Number of backhauls customers is twice of linehaul customers

Scenario 1V: Number of linehaul customers is twice of backhaul customers

Lastly, the customer ratio for sub-problem set C is 50:50. Sub-problem set C has 40
customers, and the number of linehaul customers is exactly equal to the number of backhaul
customers, which are 20 customers for each. The last scenario that can be investigated is:

Scenario V: Number of backhaul customers is equal to the number of linehaul

customers

4.6.2.1 Analysis of the Final Solution

The computational analysis of the final solution of each benchmark data is carried
out in this section. It included the improvement analysis for the solution obtained by the
priority rule heuristic algorithm and the final output obtained by the VNS method. Besides,

the final solutions obtained in this research are compared with the best-known solution found
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in the past literature study. The improvement percentage rate among the solutions is
calculated and analysed. In this section, the recorded and calculated values are rounded to

the nearest two decimal places.

Table 4.6 below illustrates the outputs of the computational results of the proposed
algorithm. In contrast, the values for the computational result are plotted using bar chart
graph format and shown in Figure 4.25. The system outputs for the optimum solution (final

result obtained) are appended in Appendix C, Table Al.

Table 4.6: Initial and optimum solutions obtained for VRPB

Total Travelled Distance B e
Dataset Initial Optimum Solution IMP (%) ver?o%
Solution | (Final Result Obtained)

Al 414181 229886 -44.50

A2 397237 180119 -54.66 55 69
A3 420513 163405 -61.14 '
Ad 415037 155796 -62.46

Bl 270218 243860 -9.75

B2 444467 198048 -55.44 -42.29
B3 441865 169372 -61.67

Cl 615416 250557 -59.29

C2 590353 215020 -63.58 64.94
C3 621872 199346 -67.94 '
C4 628917 195367 -68.94

D1 660491 322740 -51.14

D2 612869 316709 -48.32 5422
D3 535760 239479 -55.30 '
D4 543500 205832 -62.13

El 647168 243469 -62.38

E2 612442 212263 -65.34 -65.18
E3 648756 208837 -67.81

K1 1742066 429667 -75.34

K2 1697729 407477 -76.00 -76.09
K3 1715204 416642 -75.71 '
K4 1667285 378513 -77.30

The total distance for the initial solution and VNS solution of each data instance are

shown in Table 4.6 above. The initial solution was the total travelled distance of the feasible
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solution generated in the initial stage by applying the simple priority rule heuristic. However,
the final solution is the total distance travelled obtained after applying the VNS algorithms.
The improvement percentage, IMP, between the initial and final solutions is calculated by
Equation 4.2 (Polat, 2017). IMP is calculated to determine the distance improvement of the
initial solution compared to the final outcome generated by VNS. The increase in the average

IMP value represented the reduction percentage of the total travelled distance.

IMP = (optimum so{u'tion—lnl:tial solution) X100 Equation 4.2
Initial solution
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Figure 4.25: Total travelled distance of initial and optimum solution

There is a significant improvement in the results before and after the VNS is applied.
As observed from Figure 4.25, the final total travelled distance decreases extremely after
undergoing the VNS. The analytic result shows that the highest improvement rate after VNS

has been applied is 77.30%, which results obtained in K4, and the lowest rate, 9.75%, is
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obtained from B1. The overall result has shown that the proposed method provided an

increment of at least 9.75% compared to the initial solution.

According to the average IMP values, Problem Set K shows the highest average IMP
with a value of 76.09%. The great improvement is due to the simplicity of the proposed
priority heuristic. The vehicle will serve as many customers as before it reaches its maximum
capacity. Therefore, it produces a long list of trips before it starts hauling back to the depot.
Besides, the increase in the data size has increased the number of possible offspring patterns
found in the improvement stage. Hence, a small shift in the position among the customer can

cause a bigger chance to minimise the total travel distance.

On the other hand, Problem Set K shows a superiority improvement among the
datasets, followed by Problem Sets C and E, which show a substantial increment of average
IMP of 64.94% and 65.18%, respectively. The results indicated that the proposed VNS
algorithm is good at solving Scenario IV (Problem Sets E and K), in which the scenario has
an amount of linehaul and backhaul customers with a ratio of 67:33. Moreover, the results
also show the effectiveness of the proposed algorithm in solving Scenario V (Problem Set

C), in which the number of one of the customer's types is exactly equal to each other.

However, Problem Set B has an IMP value of only 42.29%, which is the problem set
with the lowest increment. Although Problem Sets B, E, and K all with the customer with
the ratio of 67:33, the average IMP value for Problem Set B did not show a degree of
satisfaction as Problem Sets E and K. Differ from Problem Sets E and K, Problem Set B has
categorised under Scenario Il which the backhaul customers are twice than the linehaul
customers. This indicated that the proposed algorithm is less effective in solving the scenario

with more backhaul customers.
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Furthermore, as shown in Table 4.6, even though Problem Set B shows the least
increment in average IMP value, the total distance of the initial solution for subset B1 is very
close to the optimum solution. Therefore, the gap between the initial and final solutions for
B1 is small. This denotes that the initial solution generated by the proposed priority rules
heuristic is close to the final optimum solution. Thus, the proposed simple priority rule

heuristic algorithm is able to provide a fine solution for a small-scale problem.

In summary, the overall result shows significant improvement from the initial
solution. The results reflect that the total distance travelled can be minimised in the shake
and implement steps. The optimum solution has a much shorter total distance travelled than
the initial solution. This is because the repeated local search process in the VNS structure
can ensure a local minimum is reached. The analytic result from Table 4.6 and Figure 4.25

shows that VNS can help the simple heuristic escape from the trap at the local optimum.

4.6.2.2 Analysis of Final Solution with Literature’s Best-Known Solution

This section compares the final solution obtained with the current best solution
obtained from past literature studies. The summary of the list of referred journals is stated in
Table 4.7 (Osman & Wassan, 2002; Gajpal & Abad, 2009; Anbuudayasankar et al., 2014;

Wassan et.al., 2017; Ko¢ & Laporte, 2018).

These five chosen papers are the key papers many VRPB researchers referred to as
references. The best-known solution for the selected 22 set benchmark datasets, which
Osman and Wassan published in the year 2002, has been referred to and used to compare as
the best-known until the present. The best-known solutions retrieved from these five journals
are exactly the same. It means that all the authors from these five papers have proposed

different techniques but achieved the same minimum total travelled distance, which is the
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best-known solution here. Thus, the solutions can be accepted as the finest solution generated

in these ten years. The list of best-known solutions has been listed in Table 4.8.

Table 4.7:  Summary of journals for Best-Known solution
Year Title Journal Author
2002 | The multiple trip vehicle routing Computers | Osman & Wassan
problem with backhauls: Formulation &
and a two-level variable neighbourhood | Operations
search Research
2009 | Multi-ant colony system (MACS) for a | European Gajpal & Abad
vehicle routing problem with backhauls | Journal of
Operational
Research
2014 | Models for practical routing problems Springer Anbuudayasankar,
in logistics International | Ganesh &
Pu. Mohapatra
2017 | The multiple trip vehicle routing Computers | Wassan et.al
problem with backhauls: Formulation &
and a two-level variable neighbourhood | Operations
search Research
2018 | Vehicle routing with backhauls: Review | Computers | Ko¢ & Laporte
and research perspectives &
Operations
Research

In order to evaluate the proposed methodology, the Relative Percentage Deviation,
RD, is computed for each solution obtained (Anbuudayasankar et al., 2014). Therefore,

equation 4.3 is the equation of RD used in this section.

__ (Heuristic solution—Best known solution) X100

RD = Equation 4.3

Best known solution

Table 4.8 below shows the total distance of the best-known solution and the final

result obtained in this research. RD value is calculated by Equation 4.3, and then an average
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RD is calculated based on the set grouping stated in Table 4.1. The result is represented in

Figure 4.26.

Table 4.8: Lists of Best-Known result and final obtained result for VRPB

Number of Total Travelled _Distance Average
Dataset Vehicles Best-Known Final Result RD (%) RD (%)
Solution (*) Obtained
Al 8 229886 229886 0
A2 5 180119 180119 0 0
A3 4 163405 163405 0
A4 3 155796 155796 0
Bl 7 239080 243860 2.00
B2 5 198048 198048 0 0.67
B3 3 169372 169372 0
Cl 7 250557 250557 0
C2 5 215020 215020 0 0
C3 5 199346 199346 0
C4 4 195367 195367 0
D1 12 322530 322740 0.07
D2 11 316709 316709 0 0.02
D3 7 239479 239479 0 '
D4 5 205832 205832 0
El 7 238880 243469 1.92
E2 4 212263 212263 0 0.99
E3 4 206659 208837 1.05
K1 10 394637 429667 8.88
K2 8 362360 407477 12.45 10.23
K3 9 365693 416642 13.93 '
K4 7 358308 378513 5.64

(*) The best-known solution is referred to from journal papers listed in Table 4.7.

Based on Table 4.8, Benchmark dataset A1, A2, A3, A4, B2, B3, C1, C2, C3, C4,
D2, D3, D4 and E2 has reached the optimum solution. Besides, the RD for datasets B1, D1,
E1l and E3 is less than 5%. This represents that the value of the final solution obtained is

very close to the best-known published solution.
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Figure 4.26: Total travelled distance of Best-Known and final obtained solutions

The bar chart shown in Figure 4.26 shows only a slight discrepancy between the
solution obtained in this research and the best-known solution. The chart has represented
that the final solutions obtained in this research are equal to or closer to the best-known

solutions.

According to Figure 4.26, Problem Set A, B, C, D and E with a small-scale problem
have lower average RD values, whereas the average RD for Problem Set K is the highest.
The result represents that the proposed algorithm is better at solving, Problem Sets A and C,
the problem sets with 25 and 40 customers. For the data with a custom size of equal and
fewer than 45 customers, an average RD of less than 1% is obtained. The average RD value
increases to 10.23% when the customer size increases to 113. The gap in RD increases when
the number of customers increases. The trends represent that the proposed algorithm is less

effective in solving a huge-scale solution.
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In short, 14 datasets obtained the same solution as the best-known solution, 4 datasets
had RD values that were less than 5%, 2 datasets with RD values that fell between 5% to
10%, and only 2 out of the total 22 sets of them have the differences which are more than
10%. The largest gap between the two solutions is 13.93%. The overall data has shown that

the proposed method is able to compete with other methods.

4.7 Conclusion

This chapter compares the best solution obtained by the proposed algorithm with the
best-known solution found in the past literature study. The computational time shows that
the heuristic method can easily reach a feasible solution in a short time compared to VNS.
The average looping time of around 0.036 seconds per looping shows the consistency of the

proposed VNS algorithm in solving various data with different data sizes and customer

types.

Besides, the computational results have shown the capability of the proposed
algorithm in solving the VRPB model. A VNS is able to improve the feasible solution that
is generated in the initial stage. A significant improvement is found before and after a VNS
application. Moreover, the final optimum solution obtained by VNS has proven that the
proposed algorithm is as effective as other methods. The final results obtained in this
research are the same or closer to the best-known solution. Although some of the results
obtained are not good enough compared to the current best research result, the proposed

method is able to improve the initial solution.
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CHAPTER 5

MIXED VEHICLE ROUTING PROBLEM WITH BACKHAUL

51 Introduction

In this chapter, an extension study is conducted to test the performance of the
proposed Variable Neighbourhood Search (VNS) algorithm. A practical pickup and delivery
scenario simulation is studied, integrating both pickup and delivery with the routing
planning. This study aims to examine the impact of customer-type priority on the

performance of the proposed algorithm.

5.2 Model of m-VRPB

The mixed Vehicle Routing Problem with Backhaul (VRPB) (m-VRPB) is an
extended study conducted to observe the impact of routing arrangement on the final solution.
Here, m-VRPB is studying using the same benchmark data and problem background.
However, the vehicle can serve linehaul and backhaul customers alternately in the model m-

VRPB. Besides, m-VRPB allows the route with only backhaul customers.

In this chapter, constraint (vii) and constraint (viii), stated in Section 3.3, are relaxed.
However, the rest of the constraints, as per discussed in Chapter 3, remain unchanged (as
referred Chapter 3, Section 3.3 Constraints). Table 5.1 below shows the comparison of the

constraints for VRPB and m-VRPB.

Table 5.1: Lists of constraints of VRPB and m-VRPB

Constraints VRPB | m-VRPB
Vehicles depart and end at the origin of every route Applied | Applied
Each customer can only be served once Applied | Applied
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Table 5.1: continued

The customer is visited by exactly one vehicle only Applied | Applied
The demand of customers must be fulfilled Applied | Applied
All vehicles will have the same predefined capacity Applied | Applied

The total capacity cannot exceed the maximum capacity of the | Applied | Applied
vehicle

Routes are not allowed to involve only backhaul customer Applied | Relaxed*

Linehaul customers are served before any backhaul customer | Applied | Relaxed*

In summary, m-VRPB is generated based on the new constraints stated in the table
above. m-VRPB is investigating using the same benchmark data but slight differences in the
problem restriction. The vehicle can serve linehaul customers and backhaul customers
alternately in a route. The route design can violate the rule that all linehaul customers should
serve before the backhaul customer. Meanwhile, the customer to be assigned next is decided
based on the quantity of customer demand and the remaining capacity of the vehicle, not the
customer type. Therefore, the route with only backhaul customers is acceptable in the
extended study. m-VRPB has expected to have more liberty on the number of feasible routes
compared to VRPB as it is carried out to simulate the practical environment by removing

some of the restrictions from the VRPB.

This chapter applies a new priority rule in the initial stage. Furthermore, one new
local search procedure and one new shaking method are added to the VNS improvement

process.

5.2.1 Initial Solution for m-VRPB

A new simple priority rule heuristic for m-VRPB is proposed. The subsequence

customers in m-VRPB are sorted based on the distance, and the type of customer is
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neglected. In the new simple priority rule heuristic, the customer with the shortest distance

is picked to be served as long as no capacity violation happens.

First, as discussed in Section 4.4, the number of routes for each dataset is created
based on the predefined vehicle number, and also, the depot is the first and last node of the
route. Then, the customer with the closest customer distance is selected as the next
subsequence node. The selected node can be either a linehaul or a backhaul customer. Figure

5.1 below shows the new sorting structure of each route for m-VRPB.

No. of vehicle =2

Y S YeleX YoX

Closest distance

I
1
| |
1
e ]~ 19 © 000~}
= i
! 1
I Depot O Linehaul customer @Backhaulcustomer

Figure 5.1:  Route structure of m-VRPB

As shown in Figure 5.1, Routes 1 and 2 represented the sample of feasible routes in
m-VRPB. Differing from VRPB (Figure 4.4), the sequence of the customer can start from a
backhaul customer and end with a linehaul customer. The time used to rearrange the load on

the vehicle is ignored in m-VRPB.
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Figure 5.2:  Vehicle travelling movement of m-VRPB
Figure 5.2 represents the vehicle movement of m-VRPB. The route is generated
using a list of new priority rule heuristics. The priority rule is executed based on the

following consideration

I.  The closest unassigned customer is the customer to serve. Check on the total
loaded capacity size.
- If the total capacity is under the capacity limit, set the customer as
served and searched for the next node.
- Else, seek the second nearest linehaul customer from the last node and

check the total capacity loaded.

In short, any customers with the shortest travel distance from the depot will be
considered and selected. Figure 5.3 below shows the customer sorting process in m-VRPB

for each route based on the data distancing.
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Figure 5.3:  Sorting process of m-VRPB

Then, once the node with the shortest path is determined, the vehicle's total capacity
is calculated and checked. Again, suppose the vehicle has exceeded the maximum capacity.
In that case, the customer is skipped, and then the subsequence customer with a shorter

distance is considered and becomes the next subsequence node.

The load delivered to a linehaul customer is loaded on the vehicle at the depot,
whereas the vehicle will collect the load from the backhaul customers and carry it back to

the depot. In m-VRPB, the fluctuating loads on the vehicle are the most challenging part.

A capacity-checking algorithm is proposed to check the total load carried on the

vehicle. Algorithm 5.1 shows the algorithm used to check and update the vehicle's capacity.
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The algorithm has ensured the capacity left on the spot the vehicle arrived at customer i is
enough to deliver or collect the total demand, d; of customer i. The free space of the vehicle
and the remaining loaded quantity, L are checked from time to time after every serving
process. The maximum occupied capacity, C is updated when the highest sum of occupied

capacity is found.

Algorithm 5.1: Customer’s Capacity Checking
n = Total number of customer

T = Customer type

C = The most capacity occupied in the vehicle

L = Total load carried by vehicle from the depot

c=0
L=0
FORi=1ton
IF(T; = linehaul)
Ci = Ci—l + di
Li = Li—l + di
C = Ci
ELSE
Ci = Ci—l + di
IF(C; > C) THEN C = C;
ENDIF
ENDIF
ENDFOR

When a limited capacity is reached, the vehicle will return to the depot, and a new
vehicle will continue to serve the remaining customers. The process will be terminated if all

customers have been served exactly once.

Lastly, the total travel distance is calculated based on the feasible solution generated.
The data flow diagram of the initial stage for m-VRPB-m is shown in Figure 5.4. Step A
represents the process flow to form the initial solution structure for m-VRPB. The number

of routes of the generated outcome depends on the number of vehicles assigned.

77



Number of route created based on the number vehicle provided in dataset

Does every route has
one customer ?

Start the leftover customers’
arrangement process in a route

Search the nearest
customer for the route

- __________ I

> Search for next unserved customer with shortest distance <

Skipped current
customer

Yes

Is maximum
capacity reached?

Calculate total travelled distance and total capacity used

Yes

Can any other customer
be served?

Move to the next route
with capacity left

No

Have all customers
been served?

Figure 5.4:  Data flow diagram of initial solution of m-VRPB
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Figure 5.5 below shows the initial solution for Dataset Al generated by the flow of
the new priority rule heuristic, shown in Figure 5.4. Dataset A1l in m-VRPB has the same
predefined number in vehicles and the maximum capacity as Dataset Al in VRPB. Also, the
columns in Figure 5.5 have the same definition as explained in Figure 4.10. Unlike the
solution routes presented in Figure 4.10, the backhaul customers in Figure 5.5 can be served

in any position in the route.

route_no I’UL.I_tE=|_lS'E o e total_travelled_distance total_delivery_amount total_pickup_amount
1 0]2si 12|L33j_3_j_2£i 18|10  48875.9273 1168 1301
2 0l6/10}23|24)0 43728.6289 1446 1239
3 0]13|2(1670 29735.829 1431 0
4 0]4]19]15(8]0 50741.6543 1531 0
5 0]17|1]0 40239.2771 1269 0
6 0]11]9]0 32109.9946 1286 0
7 0]5]17]20]0 34836.8291 1243 0
8 0]14]0 35460.0184 675 0

Figure 5.5: Initial solution for Dataset A1 of m-VRPB

5.2.2 VNS for m-VRPB

Note that m-VRPB has relaxed some constraints and has more flexibility compared
to VRPB. In m-VRPB, swapping any nodes in VNS’s operator is allowed. Thus, a list of

new local search procedures and shaking methods enhances the VNS improvement process.

To test the impact of the solution and final result yields before and after the relaxation
of the consideration of customer type and serving sequence, the proposed VRPB model
discussed in Chapter 4 is amended. Below are the local search techniques and shaking

methods proposed in this research.
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5221 Local Search Techniques for m-VRPB
i. Local 1-to-1 Swap

The location of a customer (linehaul or backhaul) is swapped iteratively with another
customer (linehaul or backhaul) from a different route until all feasible structures are tested.
The steps of the local 1-to-1 swap are shown in Figure 5.6. For example, Loops 1 and 2 are
two different neighbourhood structures. In Loop 1, the first node in Route 2 is exchanged
with the first node in Route 1, whereas the same node in Route 2 is exchanged with the

second node in Route 1 to form another feasible structure.

The Local 1-to-1 Swap for VRPB stated in Section 4.5.1.3, can only exchange among
the node with the same customer type. However, in m-VRPB, the two nodes can be different

customer types, as long as all constraints are fulfilled.
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Figure 5.6:  Local 1-to-1 Swap of m-VRPB

Loop 1

Loop 2

ii. Local 2-to-1 Swap

Two consecutively arranged customers (linehaul or backhaul) in a certain location
are swapped iteratively with a customer (linehaul or backhaul) from a different route until

all feasible structures are tested. The steps of the local 2-to-1 swap are shown in Figure 5.7.
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Loops 1 and 2 represented two different neighbourhood structures after applying the
Local 2-to-1 Swap. For example, in Loop 1, two nodes in Route 1 are swapped with a node
in Route 2. The two nodes in the first route can be either the mix of linehaul and backhaul
customers or both with the same customer type. The feasible swapping pattern for Local 2-
to-1 Swap of m-VRPB increased as m-VRPB allowed the mixing of linehaul and backhaul

customers in any route.
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Figure 5.7:  Local 2-to-1 Swap of m-VRPB

iii. Local 1-to-Many Swap

The location of a customer (linehaul or backhaul) is swapped iteratively with n
customers (linehaul or backhaul) from the different route that is arranged side by side
consecutively. The number of n depends on the cumulative capacity for n customers. The
n+1 customer can be included if the cumulative capacity does not exceed the capacity limit.
Other than that, the process is repeated iteratively until all feasible structures are tested. The

local 1-to-Many swapping steps are shown in Figure 5.8.

Loop 1 represented the example when one node was selected to swap with three
nodes from another route. Then, Loop 2 demonstrated the scenario in which one node is

selected to be swapped with another 2 nodes from a different route.
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Figure 5.8: Local 1-to-Many Swap of m-VRPB

5222 Shaking Methods for m-VRPB
i. Random 1-to-0 Swap

One customer (linehaul or backhaul) is selected at random from a randomly selected
route and shifted to an alternative random route. Figure 5.9 represents the Random 1-to-0

swapping method.

00000000

Figure 5.9: Random 1-to-0 Swap of m-VRPB

ii. Random 2-to-2 Swap

Two randomly picked customers (linehaul or backhaul) from the same randomly

selected route are swapped with another two randomly picked customers (linehaul or
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backhaul) from another route. These two customers can either be two customers selected
from two different routes or the customers from the same route. Figure 5.10 denotes the

random 2-to-2 swapping method.

000\000
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Figure 5.10: Random 2-to-2 Swap of m-VRPB

iii. Random 1-to-1 Swap

A randomly picked customer (linehaul or backhaul) from a randomly selected route
is swapped with another one randomly picked customer (linehaul or backhaul) from another

route. Figure 5.11 denotes the random 1-to-1 swapping method.

Co000000

Figure 5.11: Random 1-to-1 Swap of m-VRPB

5.3  Result and Analysis for m-VRPB

m-VRPB is an extended model conducted to observe the impact of routing
arrangement on the final solution in the classical VRPB model. The elimination of the
constraints has affected the model structure of the VRPB. Thus, an amended algorithm with

the new checking process is proposed to fit the new model tested.

83



m-VRPB is executed under the same benchmark data and problem background as
the VRPB background used in this research. Moreover, since the proposed algorithm for
VRPB has shown effectiveness in solving a small-scale dataset, only Problem Sets A, B, C,
D, and E are tested in this section. However, some subtests from Problem Sets A, C, and D
are eliminated in order to retain the uniqueness of each sub-dataset on the feature of the
number of the vehicle and volume of the given capacity. For example, as shown in Table
4.2, the capacity size for datasets A3 and A4 equal 4050. Therefore, A4 is eliminated. Thus,
benchmark datasets A4, C4, and D2 are removed since the capacity size is the same as A3,

C3, and D1 respectively.

Besides, Problem Set K is excluded because the time required to solve Problem Set
K is estimated to be longer than the time used in VRPB. The number of combinations of
Problem Set K neighbourhood structures is expected to be greater than VRPB. The

benchmark instances used to test m-VRPB are shown in Table 5.2 below.

Table 5.2: Benchmark dataset of m-VRPB

Dataset | Customer | No. of No. of Number of | Capacity size
size linehaul | backhaul vehicles of vehicle
Al 25 20 5 8 1550
A2 25 20 5 5 2550
A3 25 20 5 4 4050
Bl 30 20 10 7 1600
B2 30 20 10 5 2600
B3 30 20 10 3 4000
Cl 40 20 20 7 1800
C2 40 20 20 5 2600
C3 40 20 20 5 4150
D1 38 30 8 12 1700
D3 38 30 8 7 2750
D4 38 30 8 5 4075
El 45 30 15 7 2650
E2 45 30 15 4 4300
E3 45 30 15 4 5225
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5.3.1 Relaxed in Constraints

Classical VRPB needs to obey the constraints on a linehaul customer needs to serve
before any backhaul customer and is not allowed to involve only the backhaul customer in a
particular route. However, these constraints are relaxed in this section to test the capability

of the proposed algorithm in solving a more practical environment.

In this section, m-VRPB is executed using the same datasets instance and problem
background used by VRPB. Table 5.4 and Figure 5.12 below compare the best-known results
retrieved from past journal studies with the final result obtained by m-VVRPB in a free-serving

sequence. The system outputs for the m-VRPB solutions are appended in Appendix C, Table

A2.
Table 5.3: Lists of Best-Known solution and m-VRPB solution
Total Travelled Distance
Dataset Best-known for m-VRPB RD (%)
VRPB solution
Al 229886 228316 -0.68*
A2 180119 175412 -2.61*
A3 163405 167004 2.20
Bl 239080 235243 -1.60*
B2 198048 198963 0.46
B3 169372 173516 2.45
C1 250557 251172 0.25
C2 215020 232799 8.27
C3 199346 210969 5.83
D1 322530 324155 0.50
D3 239479 246957 3.12
D4 205832 213681 3.81
El 238880 250145 4,72
E2 212263 214644 1.12
E3 206659 228601 10.62

The total travelled is the distance of the best-known VRPB retrieved from the past
journals (Refer to Chapter 4, Table 4.7: Summary of Literature Paper for Best-known

Solution). However, the m-VRPB solution is the final outcome in this section. The Relative
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Percentage Deviation (RD) value is calculated using Equation 4.2 (Refer to Chapter 4,
Equation 4.2). From Table 5.3, the RD values of m-VRPB are lower than 11%. There are 3
out of 15 sets that have obtained a better result than the best-known solution, 9 datasets with
an RD value of less than 5 %, and 2 datasets with RD values between 5% to 10%. The last,
the largest RD value, is found in dataset E3, with an RD value of 10.62%. As observed from
these results, the proposed method has shown its capability to solve the VRPB when the

customer’s type constraints are eliminated.
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Figure 5.12: Total travelled distance of Best-Known and m-VRPB solution

Moreover, Figure 5.12 above illustrates the outcome of Table 5.3 in the bar chart
format. Based on Figure 5.12, there is only a slight difference between the solutions obtained
in m-VRPB and the best-known solution. The chart has shown that the total travel distance
for datasets Al, B2, C1, D1, and E2 is very close to the best-known solution. The RD value

of these datasets only shows a difference of 1%. The results showed that a VRPB model
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could solve under a free-serving sequence environment. m-VRPB can achieve a result that
IS approximate to the best-known solution if the time consumed and the extra workforce used

to rearrange the load after every serving is not considered.

Furthermore, the final solutions obtained by datasets Al, A2, and B1 are slightly
shorter than the best-known solution. These results indicated that the serving sequence is an
important factor affecting the achievement of the final solution. Thus, although the dataset
and vehicle number are the same, the final solution might be different if the serving pattern

changes.

5.3.2 Minimise the Number of VVehicles

Apart from that, the strength of the proposed m-VRPB methods is further tested by
minimising the pre-assigned vehicle number used to complete the tasks. The objective is to
minimise the number of vehicles while solving the benchmark instances in a dynamic and
real-life situation. In this section, two factors below,

I. Number of vehicles

ii. Constraints

a. Routes are not allowed to involve only backhaul customer

b. Linehaul customers are served before any backhaul customer

are not taken into consideration when generating the solution. In this section, the number of
vehicles is not restricted in forming the feasible solution in both the initial and VNS
improvement stages. Therefore, the Part A: Route Forming process shown in Figure 5.4 is
cancelled. The new route is created if a leftover customer exists that the available routes

cannot serve. The whole process ends when all customers have been served. Figure 5.13

87



below shows the data flow diagram for generating the initial solution for m-VRPB without

considering the predefined vehicle number.

/ Benchmark dataset /
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Figure 5.13: Data flow diagram of initial solution (unfixed vehicle number)
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Figure 5.14: Initial solution of Dataset Al in m-VRPB (unfixed vehicle number)

Figure 5.14 shows the sample outcome retrieved for Dataset Al. As observed from

Figure 5.14, the number of routes formed is 7 instead of 8 (the number of vehicles stated in

the benchmark dataset). This is because the new route is now only created when needed, and

similar to the solution generated for m-VRPB, the backhaul customers can be served in any

position. Table 5.4 and Figure 5.15 below compare the total travel distance and total vehicle

use of the best-known and the m-VRBP without a pre-defined vehicle number. The system

outputs for the m-VRPB (unfixed vehicle number) solutions are appended in Appendix C,

Table A3.

Table 5.4: Lists of Best-Known and m-VRPB (unfixed vehicle number) solution

Best-Known Solution m-VRPB (Unfixed vehicle number)
Dataset Travelled Vehicle Travelled Vehicle
Distance Number Distance Number
Al 229886 8 247572 7*
A2 180119 5 191119 5
A3 163405 4 180137 3*
Bl 239080 7 235160* 8
B2 198048 5 272542 4*
B3 169372 3 182269 3
C1 250557 7 271030 7
C2 215020 5 234360 5
C3 199346 5 193608* 4*
D1 322530 12 330263 10*
D3 239479 7 246988 6*
D4 205832 5 251192 4*
El 238880 7 279780 7
E2 212263 4 241654 4
E3 206659 4 272944 3*
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Figure 5.15:  Number of vehicles of Best-Known and final research outcomes

From Figure 5.15, the number of vehicles for datasets A2, B3, C1, C2, E1 and E2 is
the same as the fixed vehicle number pre-set in the benchmark. The results show that m-
VRPB is able to generate the solution with a vehicle number that is the same as the pre-

defined amount even though the number of vehicles that can be used was not restricted.

Moreover, dataset Al, A3, B2, C3, D1, D3, D4 and E3 shows that customers can
serve completely with fewer vehicle numbers than the provided vehicle amount. Although
the total travel distance obtained is increased, this solution may be suitable for an area with
a shortage of human resources or when the human cost is higher than the fuel oil cost. In
addition, dataset B1 is the only dataset that took the vehicle more than the pre-set vehicle
number. However, the total travel distance obtained in B1 is shorter than the best-known
solution. This result indicated that more vehicles or routes used do not always lead to a
greater total distance.

Besides, dataset C3 has achieved a better result in total travel distance and total
vehicle used. It shows that the proposed algorithm for m-VRPB in this section is able to

minimise the total travel distance together with the number of vehicles used.
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Figure 5.16: Total travelled distance of Best-Known, m-VRPB and m-VRPB (unfixed
vehicle number)

Figure 5.16 shows the graph of the total distance travelled of the best-known solution,
m-VRPB solution and m-VRPB solution with the minimised vehicle. In Figure 5.16, the bar
chart for the benchmark datasets A2, A3, B1, B3, D1 and D3 shows that the total distance
travelled is on par with each other among the best-known solutions and two m-VRPB
solutions generated. It shows that the proposed m-VRPB has the ability to solve a VRPB.
Besides, 2 out of 15 instances can achieve a better solution after relaxing the constraints and

the prefixed number of vehicles of the VRPB.

5.4 Conclusion

In this chapter, the performance of the proposed algorithm has been further
investigated by some transformation on the circumstance of classical VRPB. m-VRPB is
tested using the same benchmark datasets as VRPB. However, only 15 sets of benchmark

datasets have been chosen in this chapter. The datasets are removed based on the unigueness
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of the datasets and also the performance of the VNS algorithm proposed for VRPB. This
chapter proposes a new simple priority rule heuristic, three local search techniques, and three

random shaking methods.

Firstly, two constraints have been relaxed to simulate the practical environment.
Thus, m-VRPB is generated based on the new constraints. The results obtained show that
the proposed algorithm for m-VRPB can adapt to the new constraints. Moreover, it has

achieved results that are close to the best-known solution.

Furthermore, the new proposed algorithm for m-VRPB is further tested by relaxing
the use of all predefined vehicle numbers. The results show that the proposed algorithm
can obtain the outcome solution that shows the reductions in total transportation distance
and vehicle use. In short, the overall result of m-VRPB has shown the strength of the

proposed algorithm in solving VRPB.
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CHAPTER 6

CONCLUSION

6.1 Introduction

This chapter concludes our research study in both Vehicle Routing Problem with
Backhaul (VRPB) and mixed-VRPB (m-VRPB), from model formulation, proposed
algorithms and discussion on the computation result. Besides, the contribution of this

research work is presented. Future works are also discussed in this chapter.

6.2 Conclusion of research

In this research, the VRPB model has been investigated. VRPB is an extended
problem from VRP. It consists of a group of linehaul and backhaul customers, a single depot
and a list of homogeneous vehicles. The goal of VRPB is to optimise the feasible routing
plans which involve linehaul and backhaul customers. The research objective of this study
is to model a VRPB simulation with extra operational constraints consideration.
Furthermore, design and develop an effective Variable Neighbourhood Search (VNS)

algorithm for VRPB.

The simple priority heuristic rule is developed to generate the initial dataset solution.
A VNS algorithm is then used to improve the initial solution. A set of local search
approaches and random shaking methods are proposed. The proposed algorithms were used
to relocate the customer node in a systematic arrangement order and produced a list of
neighbourhood solutions. The solution with the minimal total travelled distance among the
neighbourhood solution is selected as the final outcome of this project. The generated

solution complies with VRPB constraints.

93



The computational result shows that the proposed algorithm is able to solve VRPB
for up to a size of 113 customers. A total of 22 sets of benchmark data are selected to test
the algorithm. The proposed algorithm has solved 63.64% of the selected benchmark to the
optimum, 18.18% of them get a lower Relative Percentage Deviation (RD) value which is
less than 5%, and 18.18% of them obtained an RD value between 5% to 15% compared to
the best-known solution that found from literature. The results have proven the proposed
algorithm can solve VRPB to or equal to the best-known solution with zero violation of the

constraints.

Furthermore, some constraints are relaxed from VRPB to simulate a practical
environment. m-VRPB is developed. The algorithm is released from linehaul before the
backhaul rule; meanwhile, the fixed predefined number of vehicles is not considered. The
result shows that m-VRPB can achieve a result close to the best-known solution, although
some constraints have changed. There are 2 out of 15 sets of instances able to yield a shorter
transportation distance compared to the best-known. Besides, 8 instances can complete
serving all the customers with fewer vehicles. Moreover, m-VRPB has obtained the outcome
solution showing reductions in total transportation distance and vehicle use. The results have

illustrated that the proposed solution is effective and robust in solving VRPB.

6.3 Research Contribution

There are several contributions achieved in this project:

1. Proposed a computational bounded algorithm for VRPB

For the study on VRPB, a simple priority heuristic rule is proposed to generate a feasible
initial solution. Besides, in the improvement stage, a VNS with three local search techniques

and two random shaking methods is developed to solve VRPB. The initial algorithm is fast
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response and able to provide a feasible solution. Other than that, the proposed VNS shows a
significant improvement in the quality of the initial solution, as much as 77%. Furthermore,

the proposed packaged heuristics method is a simple, feasible, and fast response.

ii. Develop a VRPB model that simulate Benchmark data

A comprehensive VRPB model that is able to fulfil all the given jobs and cover all
the constraints is simulated. A VNS model, which is easy to cope with all considerations, is
developed. The final outcomes for the 22 sets of benchmark data from this project show that
the proposed method has solved the VRPB model with different data sizes and extra
consideration and is able to cope with all the given constraints. The final result obtained is

on par with the literature's best-known solution.

iii. Proposed a computational bounded algorithm for m-VRPB

A new m-VRPB is generated by relaxing certain constraints for simulating the
practical environment. An easy and effective new VNS with three new local search
techniques and three random shaking methods are developed to solve m-VRPB. The
proposed packaged algorithm can cover and achieve multi-objective functions such as
minimising the total travelled distance and reducing the number of vehicles used in m-

VRPB.

iv. Develop an m-VRPB model that simulates Benchmark data

A new set of ordering rules and improvement techniques are applied to solve m-
VRPB. Then, the algorithm's strength is further tested by relaxing the use of all predefined
vehicle numbers. A total of 15 sets of benchmark datasets are tested. The results show that

m-VRPB can adapt to all the new operational constraints, improve the initial solution

95



significantly, and obtain the outcome solution that shows the reductions in total

transportation distance and vehicle use.

6.4 Future Works

There are some features that could be investigated in the future. Firstly, the proposed
VRPB algorithm could be changed to improve the effectiveness of solving a big-scale
dataset. The results yielded for small-scale instances are better than the big-scale instances.
The solution for the big-scale data can be improved by further tuning the current local search
and the shaking techniques. Moreover, more local search and shaking methods can improve

the final output.

Besides, the current research has just tested up to 113 data size instances since the
computing effort that needs to run the large-scale data is limited. The algorithm could be
changed to cope with the large-scale dataset instance. Apart from that, the computing time
could be reduced by implementing a powerful CPU processor or executing by parallel
computing. Lastly, the stopping iteration proposed for the algorithm can be increased with
the hardware upgrade. The current stopping criteria are only set to a maximum of 30
iterations due to the lengthy computing time and the limited hardware specifications. It can

be more than 30 to increase the chances of generating the optimum solution.

However, for the m-VRPB, the performance of the proposed algorithm can be tested
with other benchmark datasets. Then, we can model the m-VRPB by simulating

simultaneous customer characteristics for pickup and delivery problems.
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Appendix B: Program code

Fd = sgrt{{pow((fxl-$x2),2) ) +{pow((F¥l-s¥2),2)))7

fdistance_grid = array():
for ($i=l;$i<=%count;&$i++)
{
&x]l = Sarr¥X[&$i]l:
¥l = Sarr¥[$i]:
$3gl = Sconn—->gQuery{"SELECT data id 1™)
while ($row = $sgl->fetch_assoc ()
{
Hx2 = Srowl['
S¥2 = Srow['c
1

Figure Al: Program code for distance calculation

function parallel sort first(){ // assign first node
for($i = 0; 5i < sFvehicle num; $i ++)

1

$id = $row_array[$il['data
$n_type = frow_array[$il [’

%$n_distance = jrow_array[$il[ ;
#n_demand = Frow_array[Fil['d
ifi$n_type = 2)
{
Fload = o0 load + 3n_demand;

ifiFload = o max load)
$max_load = $load;

i
if{3n_type = 1)
{
fmax_load = Fo_max_load + $n_demand;
$initial = $o_initial + $n_demand;
i
Fdistance = o_distance + 3n_distance;
%total = $o_total + %n_demand;
if {(({$total <= Fmax capacity)&&(Finitial <= Fmax capacity)&s& (fmax load
{
ifisn_type = 2)
{
$datacheck['id"]1[{$i+l1)] = $id;
sdatacheck[ "10i5i+1l)] = Fload;
sdatacheck[ 1 total'][{$i+l)] = $initial;
sdatacheck(['d '] [{fi+l]] = Fdistance;
sdatacheck[ 1[{%i+1)] = jtotal;
sdatacheck['s '10{5i+1l)] = Ffmax load;
*datacheck[ "10{5i+l)] = Smax load;
sdatacheck[ al"1[{5i+1)]1 = 05
1
elsa
{
sdatacheck[’ = $id;
$datacheck( = %o_load;
sdatacheck[ - total']1[{$i+l)] = $imicial;
sdatacheck[ e'][{$i+l)] = Fdistance;
sdatacheck[ 1[{5i+1)] = $total;
sdatacheck(['n d']1[{5i+l)] = Smax load;
#datacheck('c L'10{%i+1)] = Fmax load;
sdatacheck[ ' "Tli5i+l)] = 0O;
1
H1

return fdatacheck;

<= jmax capacity))

Figure A2: Program code for first node assignation
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L

i($i = 07 3i = sdelivery num; $i++)
sn_id = Fdelivery_ arrayl[$il (" 5
$n_type = $delivery array[$il["’
sn_demand = Sdelivery arraw([$il [’ ar
Forisa = 1; $a == jwehicle_num; 3att+)
1
%o_id = #$datacheck['id']l[fal:
Fload = $o_load = Fdatacheck[ ' lo "10%als
$initial = $o_initial = $datacheck[’
Fdistance = So_distance = Sdatacheck[’ t
Ftotal = so_total = Sdatacheck['total'l]l[5als
$max load = $o_max_ load = sdatacheck
*n_distance = 3sdistance_gzidl’ ta
ififn_type == 2]
£
$load = Fo_load + 3n_demand;
ifi{¥load > %o_max_load)
$max_load = $load:
1
if{Fn_type = 1)
£
smax_load = 3o_max_load + $n_demand;
$initial = $o_initial + $n_demand;
i
Fdistance = Fo_distance + In_distance;
Ftotal = So_total + $n_demand;
if = $max_ capacity)ss($initial <= Imax capacity)&s ($max_load <= 3max_capacity)
Fscompare_load) | | ($compare_load == 0)1)
i
#selected route — 3as
sselected_id = $n_id;
$selected distance Fdistance;
$selected_load = $load;
$selected initial = $initial;
$selected max_ load $max load;
$selected total = Ftotals

}
Fdatacheck[ 1
sdatcacheck [’
Fdatacheck [’
Fdatvacheck[’
Fdatacheck[ '
Fdatacheck [’

'l sselected_route] = $selected_id;
1[$selected route] = $selected load;
*l$selected route] = $selected initial;

ce'1[$selected routel = $selected distance;
l[$selected_route] = $selected_total:
"llsselected route] = Sselected max load;

Figure A3: Program code for linehaul customers sorting process

L
for |

PICEUP L
$i = 07 %i = s$pickup num; $i++){
e'];

sn_type = spickup array(sil [’

spickup_array[$i] [

3$a
$datacheck['id"] [Fal;
$0_load = Fdatacheck[
Finitial Fo_initial = Sdatacheckl[

= $wehicle_num;

$distance = $o_distance = $datacheck[’
stotal = %o_total = fdatacheck[’
smax load = Fo_max load = Sdatacheck['m
$n_distance = jdistance_grid[ 'disc

if ($n_type = 2)
Fload = $o_load + $n_demand:
ifi{f$load Fo_max load)

$max_load = 3$load;

1

ifi(%$n_type == 1) {
Fmax load = fo_max load + 5$n_demand:
Finitial = $o_initial + $n_demand;

$distance = $o_distance + $n_distance;
Ftotal = So_total + $n_demand:

ifF == Fmax capacity)&& (Fmax load Ffmax_capacity)

Ftotal
$max_load >= $compare_load) | | {$compare_load == 0))){

= Fmax_ capacity)&&({Finitial

$pre_distance = $distance;
Foompare_load = fmax load:
$selected_route = 5a;
sselected_id = $n_id;
sselected_distance = Fdistance;
sselected_load = Fload;
Fselected_initial = $initial;
sselected max load = Fmax load;
sselected_total = jtotal;

Fdatacheck([ '
Fdatacheck[ "’
Fdatacheck[ "'
Fdatacheck[ "'
Fdatacheckl
Fdatacheck([ '

"llFselected route] = Fselected id;
*l[%$selected_route] = $selected load;

1'] [¥selected_route]
l[$selected route] = $selected distance;
1'1[$selected_ routel = $selected total:

1 i"] [fselected route] = Fselected max load;

$selected_initial;

Figure A4: Program code for backhaul customers sorting process
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function check_distance (jnew_data, 5distance_grid, 5old_best_distance, Sconn) {
fmax capacity = $distance gridl'm F'1ii

snum data = jdistance grid['c

3total_distance = 0;

4checkFlag = 0;

Fnum_data; Fitt){

fori(3i=l; i

For (%] %j<(sizeof ($new_datal$il)-1); $j++){
$32 = %3 +

FdataR = fnew_datal[$i]1[3]];
$dataB = $new datal[$i] [$32];

fizdataB ! 03 {
%d = sdistance grid['dist e'] [$datak] [$dataB];
jdistance = Fdistance + $d;
sdemand = 3distance grid['d i"] [3dataB];
$type = jdistance_grid['type'] [$dataBl;
if(stype == 2)
Fpickup_total = fpickup_total + Fdemand;
if(stype = 1)1
$initial = $initial +%demand;
Fdelivery total = $delivery_total + Fdemand;
}
1
else|
$d = Fdistance grid['dist e'] [$dataR] [0];
sdistance = $distance + 5d;
1
if{($delivery total > $max capacity)|| (jpickup_total > jmax capacity) || ($initial > max capacity)){
$checkFlag = 1;
1
}
Fdelivery_array[3i] = jdeliwvery_total;
Fpickup_arrayl3i] = sFpickup_total;
Ftotal_distance = Ftotal distance + Fdistance;

t

return array(fcheckFlag, Ftotal_distance, snew data, j$delivery array, sFpickup array):

Figure A5: Program code for constraints checking

function oneToZercExchange |$datacheck,3distance_grid,3conn) |
For{3x = 1; $=x $num_data; Fxtt){
$newhrray = $old data;
jrowh = 3o0ld_datalszl:
srowh length = sizeof (3rowk) - 1;

forisa = ($rowh lemngth-1); $a = 1; $a—) ]
$arrayl = %$old data[$x];
sremoved = arrayl[3al;
$removed type = $distance grid[':c

e'] [$removed] ;

if((sizeof ($arrayl) > 3)){
snum_data; Sy++){

for(sy = 1; 3y
fnewhrray2 = Snewhrray;
trowB = $newhrray2[syl;
$rowB_length = sizeof(3rowB) - 1;

for($b = 3rowB_length; $b > 0; 3b—-]{
scolB = snewhrray2(3yl [5b1;
$valueB = 5colB;
$valueB0 = $newRrray2[3y] [(3b-1]1;
$typeB = jdistance_grid[’' 2'] [$walueB];

stypeB0 = Fdistance_grid[ e'] [$valueBd];

{3removed_type 1) es(stypeB 1) && (3typeB0 013 Il{{3removed_type (3typeB0
{{$removed type liss (3typeB 2) && ($typeBd == 1)) || ({(jremoved type == l)&&($typeB == ) && ($typeB0
removed_type L& (5typeB == 2) && (3typeB0 == 1)) ||((5removed type == 7)&&(3typeB == I) && (StypeB0 ==

{($removed_type == 2)&&($typeB == 0) && (typeB0 = 2)) || ({(3removed_type = 2)&&(FtypeB == 0) && ($typeBD

$new_data = $newhrrayl;
freturn_array = check_distance ($new_data, $distance_grid, $old_best_distance, fconn);
#checkFlag = $return_arrayl[0l;
$total distance = Freturn array[l];
3new_data = jreturn_array[Z];
$delivery_array = jreturn_array[3];
$pickup_array = jreturn_array[4];
$datacheck[’ '] = 3datacheck['co

if{(3checkFlag == 0)&&(3total_distance < $old best_distance)){
Freturn best = oneTolneExchange (fdatacheck, fdistance grid, $conn);
if($total_distance < $check distance]{

sbest_list = jreturn_best['route'];
$best_delivery_total = $return_best['del

sbest_pickup_total = 3zetuzn best[’

scheck_distance = $return best['tc ce'l;

Figure A6: Program code for Local 1-to-0 Swap
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function oneToOneExchange ($datacheck, 3distance_grid, $conn) |

$num_data

for(sx = 1;

$x <

sizeof (3

datacheck[’

te'll;

$num_data; Fxtt] |

srowh = jold datal$x];

$rowh_length = sizeof ($rowh)

foriza

SvalueR = Sold datal$x][5al;
3$valueRd = $old_datal3x][($a-1)
$0ld_datalsx] [ ($a+1)

va

$typeh) = $distance_grid[
stypeh = jdistance_grid|
3typehl = $distance_grid(

forlsy = (3x + 1); %y -

3a

luskl

$rowB =

$rowE_length
for(sb =
$new_data

$rowk_length; sat+) [

e'] [$valuedl] ;
'1[$valuelr];
e'] [$valuedl];

$num data; $y+t) |
sold_datal$yl;
sizeof ($rowB)
srowB_length; $bt+) [
$0ld_data;

3B

$valueB = $old_datal$yl [$b];

$valueB0
$valueBl
$typeB0
$typeB = $distance grid[’
$typeBl = jdistance_grid['t

$old datal$yl [(3k-1)1;

$0ld daval$yl [($b+1)1;

' 1[$valueB0] ;
'] [$valueBl;
='1[$valueBl] ;

sdistance_grid['t

{5typeR == 3typeB)&&(5typeR != 0] &6 (5typeB I=

IRRN

{(5typed!=5typeB) &6 ($typeR==1) &6 (3typeAl==2)56 {

$typeR!=3typeB) 58 54 ($5ypeBl. rowB_lengsh = 1)) 11
FtypeR!=StypeB) &k 1) && ($typeBl: rowB_length o
{{$typel!=3typeB) s& | 1) && ($typeBl: rowB_length > 1))])
snev_data[$x] [$a] = $valueB;
snew_datal3y] [$k] = $valued;

$return array = check distance($nev_data,jdistance_grid,5old_best_distance,$conn);

17
$return_array[l
1;

scheckFlag = Sreturn_arrayl

$total distance
snew_data = Sreturn array

$return_array[3l;

sdelivery_array
spickup array

sreturn_arzayl4]

%datacheck['co '] = $datacheck(['co T+ 1
if(($checkFlag == 0)&&($total_distance <
if($total distance scheck distance) {
sbest_list = $new_data;
tbest_delivery total = $delivery azzay;
$best_pickup total = Spickup_array;
$0ld_best_distance = $check_distance =
1
}

$best_distance

$0ld_best_distance)) |

$total_distance;

$typeBl==1) && ($rowB_length ISRNN}

function twoToOneExchange ($datacheck, $distance_grid, $conn) |

$num data = sizeof ($datacheck['zcute'l):
$dataR = jdataB = j$data = jdasacheck! H
for($x = 1; $x < $num data; $x++) ([
$datal_length = sizeof{sdatah($x]) -

fizdata’ length =
Forisa = 1; %a
fvaluell = 3dat,
$valued2 = idas,
stypehl = Fdist,
$typelZ = diss,
if(3typeAl B
forizy = 1;

#dataB_length
dataB_1,

if(

FririY

if(

1
if(

i}

$return_array

if

W1

<= $datah_length; $a+t+){

aR[$x]($al;
aR[$x] [{za + 1)1;
ance_grid['type'] [$valuelll;
ance_grid['ctype'] [$valuedz];
typeR2) [
$y <= $num data; $y++){
= dataklsyl) - 27
ength -
1; %b == $dataB_length; $b++){
s¥i
sdatallsy] [3B];
$distance_grid['type'] [$colBl];
sdatalAlsyl (3B + 11
$distance_grid[ '1[$colB2];
sdatallsyl (3B —
$distance_grid[ pe'] [$colB0] 7
StypeAl) {
$c0lBl;
it {

$i))

mall
$i))

SdataR[5$il:

FnewRhrray[$i]
1= $i)ss(sy
FnewRhrray[$i]

$x i) {
$countd = 0;
for(3j=0; $j<sizecf(sdasaRlsill; $3++){
1= fa)&s (5] ($atliiiq
$newhrray[$i] [$countd] = $dataRl[$i][3317
Scountd ++;}
if (= Files(s] Fal){
snewArray[$i] [$countR] = $valueBl;
$counth ++7]
sy $i){
$countB = 0;
3j<siseof ($datal[3il); $3++) 1
3B {
$newArray[$i] [$countB] = $dataRl$i][$317
$countB ++;}
$1) 88 (3 3b) ) {
snewArray[$i] [$countB] = $valuell;
$countB ++;
snewArray[$i] [$countB] = $valued2;
$countB +4; ]

checkFlag 01 && ($total_distance
if(3votal_distance < $check _distance){
sbest_list = $new_data:

$best_delivery total

3delivery array;
spickup_arzay;

sbest_pickup_total
$check_distance

X Sy [
2data®_length — sizeof (sdacaklyl)
if(3dataB_lengsh > o) {

for (3B B sdasaB_lengsh;
i

o+ {

$daranlsy] ($B17
$distance_gridl
4dacahlsy] [$b +
$distance_gridl
sdataRisy] [5b —
= $distance_gridl

="1[$ec01B1]

="1rsco1B2]

stypeRo ="1r3ec01B0]

SwalueBl = $eolBl:
P $i<=Snum data; 3itt){
$2 LSRN $13)
SnewArray(5il = null;
Sx 1= 31188 (Sy 1= 3i))

$neuRrray[3il = $dataAl(sil;

#i<sizecf(sdatarlsil
53 1= $alss(s3 (sa+i)
$newArray (il [$counta)
Scounca ++

si1seis; zaii g
$newArzay(#i] [fcounca)

$counsa 45}

$i<sizmecf(3datanrlsil);

ifis3 1= DI
$newArray($il [$countB] =
$oountB +4;

i€ (($y = $i)82(s3 = B[

$newAzzay[#i] [$countB] =
$counsB ++;

$newArray($il [$countB]
$count® 44}

1

1
snew_data = snewArray;
sreturn_array = check_distance (3new_data

Sretusn_srray(ll:
Jzzistotal distance
$check_distance

= $new_dasa

$best_delivery ctotal
$best_pickup_voral

Spickup_arx
$hest_distance

$check_distance

2223

sdelivery_array;

F3++1 0
BN
$dataA (1] (5315

$valueBl;

F3++1 0

$dataA (1] (5315

$valuehl;

. $distance_grid, $old_best_distance, 3

2old best_distanes]){
e

av:

Ztotal_distance:

check_distance ($new_data, $distance_grid, 3o0ld_best_distance, $conn) ;
$0ld best_distance)) {

$best_distance = jtoval_distance;

Figure A8: Program code for Local 2-to-1 Swap
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public function actionRandoml () {

$max loop = jupdateZ['m
if ($max_ loop <= 20){
frandom check = 0;
do{
foldDistance =
stotalRow = 5ch
frandomRowl = rand|
do{
jrandomBow2 = rand(l, $totalBow) ;
lwhile ($randomBowl = jrandomRow2);
frandomColl = rand(l, (sizecf (Fold list[frandomRowl]l) - 2]}
frandomColzZ = rand(l, (sizeof ($old_list[FrandomRowZ]) — 2));
svalueh = Fold_list[frandomRowl] [FrandomColl] ;
For (fi=l;%i<=3totalRow;3i++){
sno = 0;
for{$j=0; %$j<(aizeof{$old_list[$ili); $3++i{
Fvalue = Fold list[$il[5315
ifi(%i == ZrandomBowl) {
ifi{%$j != FrandomColl) {
Fdatalist[$i] [Fno]l = Fwvalue;
Fno = Fno + 1;
}
I;
if{%i == $randomBowZ) {
ifi{$j = srandomColZ) {
Fsdatalist[$i] [$no]l = Fwvaluel;
Fne = sno + 1;
Fdatalist[$i] [Fne] = Swalue;
s$no = $no + 1;
}
ifl%j !'= FrandomColZ) {
FdatalList[$i] [Fne] = Fwvalue;
%no = Sno + 1;
}
I;
if((%$i !'= FrandomRowl) && ($i != FrandomRowZ) )
Fdatalist[3i] [#]] = Fwvalue;
}

Figure A9: Program code for Random multiple 1-to-0 Swap

public function actionRandom22z () {
$random check = 0;
do{
FoldDistance
stotalRow =
Fdata_count
for (i = 1;

FrotalRow; Fi++) {

tdata = $dataZ[’ "1q
Fdatalistc[$i] = Fdata;
if ({sizeocf (fdatalistc[$il)—- ) 0y {
%dataset [$data_count] = $i;
$data count ++;
1
1
srandomRowl = $dataset[array_randi(fdataset, 111;
do{
frandomBow2 = Sdataset[array rand(fdataset, 1)]1;
}while ($randomRowl == SrandomBowl) ;
if (sdataset = 3] {
do{
$randomRow3 = $dataset[array randi(fdataset, 1)1;
}while | |(frandomRow3 == SrandomRowl) || (FrandomRow3 == SrandomRowZ));
1
if ($dataset == 3)
frandomRow3 = SrandomRowz;
FrandomColRl = rand(l, (sizeof (fdatalist[frandomRowl]) - 2)];
do{
FrandomColRkZ = rand(l, (sizeocf(fdatalist[frandomRowl]) — Z2));
}while ($randomCollk]l =— SrandomColRI);
FrandomCol2 = rand(l, (sizeocf (Fdatalist[frandomRow2]) — 2));
FrandomCol3 = rand(l, (gizeocf (Fdatalist[frandomRow3]) — 2));
Fvaluela = Fdatalist[$randomRowl] [frandomColRl];
Fvaluellk = sdatalist[$randomRowl] [frandomColRI] ;
Fwalue?2 = Fdatalist[frandomRow2] [$randomColl];
Fvalue3 = Fdatalist[frandomRow3] [frandomCol3];
Fdatalist[$randomRowl] [FrandomColRil] = SFwvaluel;
fdatalist [$randomRowl] [$randomColRa2] = $Fvaluel;
fdatalist [$randomRowl] [$randomCol2] = $valuela;
Fdatalist [frandomRow2] [FrandomCol2] = jfwaluelk;

Figure A10: Program code for Random 2-to-2 Swap
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function randomSolution {$datacheck, $distance grid, $conn)

i

Fset_num = S$total numssaizmeof (fdatacheck['ro e’11 ;7
Frandom num = rand($Sset_num, 27

For{(fi = 0; i = si=meocf(fdavacheck[ 'routce ]1); Fit++)
i

supdate recordlsil =

f$return list = S$rowl’
f$return distance = $r
Freturn_deliwvery_ tota
Freturn_ pickup total

F$datacheck[ "z
Fdatacheck [’
Fsdatacheck [’
Fdatacheck [’
Fdatacheck [’

{ ", Freturmn listc

= Freturn_deliwvery_ tota
f$return_ pickup_ total;

] = $return_distance;

bl
1

Figure A11: Program code for Random Pick process
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Appendix C: Data output

Table Al: Data output for VRPB
(Data outputs for the final obtained result as listed in Table 4.6 under Section 4.6.2)

Dataset Data output

|60
|I812017|5123|0
l1612]13]0
l1013]22]0

j39 172110
l1]114]18]0
l4]115]112|25]0
l|11]19]124 )0

Al

(- B - I - - B - T - - B - )

0l13]2]1]14]|18]|0
A2 o|6l20]8|12]25]|0
0|4]19|15]17|21]0
0l10]3]22]0

0]13]18114|1]2]11|16]9]24]0
A3 0]12]25]0

014119]15]17 2110
0161101382017 15123122]0

0]12|4]19|15]17|21]0
Ad 0]13|18[14|1]2]11]16|9]24]0
0/6]10[3|8|20|7|5]23]22|25]|0

ol4]s5]1712]0
o|6l1]20]30]|10]|15]0
0l18|14]11]24|23]|0
Bl 0l12]8|13]27]22]|0
ol3]25]|9]0
0l17|16|19|29]|26 |0
oj21|28]|0

0|6|15]20]1]10|30]|28]0
0l4|9]25]0
0l21715112|13|8]22127 |0
031814 ]11|24]|23]|0
0]16]117]19]29|26]|21]0

B2

011113]18]14125]0
B3 0116117119]20]15]16]1]10]30]24]23]28]0
0121715141911218113127122129]126]21]0

0l6|9|37|25|31 |0
0124|1639 23 |28 24| 0
olsl18|7|17 210

C1 0012]20]11(26]29|40]0
0115322271350
01913136340
0145|1033 |38 (32300

0181181913 [2136]34]31]0
012115]141511033]38]32]27130]0
C2 011112]14116139123128]24(35]0
0171171112013 ]22]40]29]|26|0
016]9]37]125]0
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C3

Dl2|7[17 112031522 [40]29]|26]|0
D[9|4]16]39|23 28240

D60
D[1]12]14|5]|1033|38|32]27]|30[35]0
D[8]18]19]13|21[31|34|36]25]|37]0

C4

0/9]4]116(39|23|28|24|0

0]1]12]14|5]10|33]3832|27130]35]0
016181811913 |21]3134|36|25|37]|0
01217117111 ]12013]15]22]140]|29|26]|0

D1

0|70
Dl26|10|37 |0
Dl22|3(1]0
D]23]15]35|34 |0
0l21|28|14 |0
0|13 |6|22]0
Dl4|19]|9|31]|0
D|20|8|32]0
ol2|17]25]0
Dl11]27| 300
D|5|16]38]0
D112 |18 |24 36|33 |0

D2

0|]25|10]26]|37 |0
0]11]|]27|30]0
0l13]19]|9|31]0
0l14|28|21]0
o|l7]0
0|]4]112|18|24]136|33]|0
0]23|15|35|34 |0
o|3]1|8]32]|0
0|l]29]|6]22]|0
0|S5]16|38|0
0l17|2|20]|0

D3

0]7]129]13|6]22]|0
0]23]15|5|16|38]35|34]|0
0]25|17|30]27|11]0
0]212018|113|32]0
0]21]126]10]37]0
01411919131 |36]33]|0
0]12]18|24]14|28]|0

D4

0]14]|28|23|15|5]|16|38[35([34]0
0]21|26|10]|37 |0

612511711 |27]1306|2]120]0
01714]119|9]12|18]|24|36|33[31]0
0]29]13|6]22|3|1]|8]|32]0

El

0|19]18|8|6]22]|45]|0
0]13]16|30]20]26]|10|33|37|39]0
0/]29]7]25]|17 |0

0|l4]21]1]12]0
0]9]24|15|36|42|34|31]44]0
0]28]2[23|3|40]|41[35]0
0]27]11]|5]14|38|32]43]|0
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0131918 |86 |22]|9|24 |15 |36 |42 34|31 |44 |0

= 0292822334041 ]35[45]0
D|7117125]27 1115114383243 0
01121121 |4 |16|30(20]26[10(33|37(32]0
011316302026 ]10[33[37]39]0

E3 D421 1112271111514 138]32(43]|0
0119188622924 |15|36 (423431440
0]29(28|17|25|7]223|3|40[41]35|45]|0
0115(123]18|59|28(33]42]20]83|100|95|96]91]|113]|103[94]0
0141314914852 |51154]1109[98[89]0
0135116130157 141168]110]|77]0
0]112]65]40|9|75145|14 881010
0139137161471813212215187176192]190]108]0

K1 0144167150 172]156|10]43|26]105]0
0170531711334 |74|2173|84]111]0
0|SS5|7I138|131|25117|81|78| 80104107 |0
0124166127111 136|61]46]21]|85]|112|86]106|82]0
0]S8|69|63 6029196462193 |1102]|99|97|79]0
0|3]49|16|30|72|56|10|43|26|50|105]0
0]70]71]145]19]140|33]|142|20|62|64|93|83|88|101]0
0|55]66|46|21|38|31]|7]125|17|81|82]|106|86|85]112|78]|107 |0
0]4)135|67]|44|124|127)111|36|5]61|104|80|87|76]0

K2 0]12]53|75|65|54|28|59|18|51|52|113]191|/109|98|96|95]|100|89]|0
0|39|58|60]|14|19|29|13|34|74|184|99]|102|97|79]111|0
0]15]23|48|68|1|57|41]103|94)110|77]0
0137]147|18132]122|6]|69|63|73]|]2]|92|90]108]|0
0/24|66]25]17|81|86|106|82|0
0[139]37]161471832|22|5|36]11]|107|80|104|87|76|0
0]70|53]|45|71]|14]93|83|88|101|0
0]23]|15]54]52|51]18|59|28|91|109|98|96|95|100|89]|0

K3 015517131138/43|10|50]44]0
0]413]35|67]16|48|49|0
0]12|65]75|9]|40|33|42]20|62|64|13|84|92|90]|108]|0
0]58|60]|69|63|2|73|74]134(129|19]102(99]97|79]|111]0
0/68|41]157]11|30]|72|56|26|27|61|46]21|85|112|78|105|77|110]94]103|113|0
0]70|58|69|108]|0
01413135167 |16/41]18]59]51|52(23]0
0/12]53]75]145)164119|29|73|2]63|60]|15|54|28|96]95|100|83|93|88|101|0

K4 0165]40]9]33]142]20]62|14|71|1334]|74]84]111]0

0/44]126(10]43[38|31|7|25]|66|17|81|78|80|104|87|76|90]92]|99|102[97]79]|0
0/39]37|6|478]32]22|5|61]46|21|56]|72|30|77]110|94]103|113|91]0
049486857 |1[50]|55[24|27 1136|107 |112|85|86]106|82|105]|109]|98|89]|0
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Table A2: Data output for m-VRPB
(Data outputs for m-VRPB solution as listed in Table 5.3 under Section 5.3.1)

Dataset Data output

0J17]15]25|0
ol1214]19/21]0
0|60

Al 0]16]13]2
0j10)3]22
0|9]24]11
0l1]14|18]0

o|sl20]|7|23|5]0

o O O

014]115]17]119]21
0125/1218]12016
A2 0113]12118]14]1
0110132210

0]116]11]24]19]5123]7]0

=

013|8|20]17)15123|9/124|16)|0
A3 011111312/1]114]18]|0
0)iS|17]19|4) 21
01251121221 101610
0|3]18]23]|0
017141512]21]0
0|6]15]10|1|30]20]29 |0
Bl 0116119117126 10
0|28]0
0]12]|8]13]22]27]0
0|9]125]14]11]|24]0
013]118114]11]24|23]0
017112127116]13|8]22]129]21]0
B2 011716115]10]30]1]20]19]26]0
0125191415]210
012810
0]121123]12411112816]15]20]1]30]10]0
B3 0121413]118|14]25|9]5]0

0|26|16]17]|19|29|22|8|13|27]|12]|7]|0

011717120111]12612910
0114]5]10133]38]0
014112128123116139]24]0
Cl 0161131363410
01214013122115]13212710
019137125131]0
018118]19]2111]30135]0

0|6]8|7117]11]20|26]29|40|35]|0
0]32]15]38|14|5]33|10]0

C2 0123122127130 ]12]28]24]|0
0l1]4]23|16]39]25]|37]|9]|0
0|34]18|19]21|13|36]31]0
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C3

0|8|18]19]21]13|31]34]36]25]37|9]0
0]4]24]1]12|28|23]|16|39]14|5|38|10]33.|]0
017117]12|3]40|29|26]11]20|22|15]32]0
o|6|o0

0[30]27]35]0

D1

0]2]|30]27]|11]|0
0j21]28]|0
0]4]12]31]|9]19]|0
0]17]25]0
0]15]23|34]|0
0j20]32|8]1]0
0]26|10]37]0
0j7]0
0]5]16]38]35]|0
0]29]6]13]0
0]14]24|33|18|36|0
0l22|3]0

D3

0/4]129]13|7]0
0]26]|35]|5]|16]38]24|33]|12]|0
0/9]19]31]|18]36|14|28]|0
0l27]11]30]8]1]0
0]25]17]0
0]21]15]23|34]10|37|0
0l12]20]32]|3]22]6]0

D4

0l13|6]3|1]8]22|29]0
0|7]28|38|16]|5|35|26]|10]0
0]125132]|30|27|11]17|2]|20]0
0]15]123]34]21|37]0
0/12]33]14]|18]24|36|31]|9]|19]4]0

El

0/13]139]|30|20|10]33|26|37]|16]|0
0]18|19]|8|6]22]45|34|31]|44]|0
0]27]11]5]38]|14|32]|1]0
0l4]21]12|43]0
0]42]136]15|24|9]0
0|28|2]41|3|23]40|35]|0
0]29]7]25|17]0

E2

0128]12|3]23]40]4135|8|6(31|44]0
0/18]19]22|45]9]24]34]42|15]20|33|10]37|26|16]39|30]|36]0
0]7]27|11]5]14]32|38|1]|21]0

0113]14]43]112]|25|17]129]0

E3

0119]118181612214519124]115]120133]110]126]37]14]41]0
01212310

0128]17125]117127]111]15]11]13]0
0129]13]44]31]34]42]36]3039]16]4]21]43]12]38]32]40]35]0
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Table A3: Data output for m-VRPB with vehicle relaxation

(Data outputs for m-VRPB (Unfixed vehicle number) as listed in Table 5.4 under Section
5.3.2)

Dataset Data output

ol25|15[17]21]0
ol11|24]5]|7]20]0
oliolaf2z2]0

Al ol13|2[16]0
oligl14(1]8](0
ol19|4([12]0
olol23|s]|0

ol4lis|ir|i9|21]0
ASliz|sl2]6]0

13 1Bl14]1]0

10 2|0
sl11]24]|9]5]123]7]0

[=]

A2

L=V - ]

[ R e Y

0jwo|3]|8]7|23]20]|9]|5]6]0
A3 0125112]122116]11]24]2]13]0
0117119]14115]21]1]14]18]0

ol4ls5]17]2]0
0Ol6l1]20|30]|10]15]|0
0|18]14]11|24|23]|0

B1 0l]12]|8]13]27]22]|0
013]125]9]0
0]17]16]19|29|26|0
0]21]0
0]28]0

Ol6l15]20]1 10302810
014912510
0l2|7|5]12]13(8|22]27|0
0318141124230

B2 0161719292621 |0
0l2|7|5]12]13(8|22|27|0
0l4)2(25]0

0l16]17|19|29|26]21 |0
a|6(15]20(1(10]30]28]0
0318141124230

01231181141251915112129126]119]17]0
B3 013111]24110130]20]115]1]16]28]0
011612218113]127141712]12L0

0]1]5]14|38]12]30]35]|0
0]18]19]31|39|16]23]|]28]|0
0]2]3]22]40|29]0

C1 0l7117]11]20|26|21|8]0
0|6]13]36]34|0
0l4]24]9]37|25]0
0]27]15]1033|32]0
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ol6|8]18|19]21]|11|26|29]|40]/20]0
01913714112]5]114]130135]0

C2 01213122115132138133]110]27]0
0l24|39|16]|23|28|1]0
0]7117113]136]25]31]34]0
01618]18]19]21]13|36(34]31]25]9]0

C3 0127132138]14]5133]10]15]22]|3]0
0]2]129|40]26]11]20]7|17]0
0[37]116139]23|28|24|4]12|1]30]35]0
0]21]126]16]38]0
0]23|15|34135]137]|0
011919131114]0
01131291710

D1 0181113212010
014112118124136)33]0
01281510
0110130]125]1710
o]11]27]2]0
o|3]22]6])0
0]1|8]3]17]25]0
0128]|14]5]16]34|35|38]0

D3 0l7]13]129]6]22]|0
012111512312613710
0141911913111211813612413310
0110111127130132120]210
0j13|6]129]832]18|31|9]19]4]0

D4 0123116]|5]128133|12]36]24138]14]0
0125130127 111110126]15)21135|34]37]0
01201211711122131710
0]13136]30]16]33]20|10]26]37]39]0
0]119]18|8|6]22|45135]41]31]44]|0
0]14]11|5]|38(32]1]4]0

El 0]21]43|12]29]0
0]34]42|15]24]9]0
0]12]23]13]40]27]0
0]28|17]125]7]0
0]1818]6145]122134115]12419131]144]13]0

E2 0]119]128|7|11]14]5]27138]32]0
0]2])41]3]123]135]40]25]17]29]0
0]12]43]121]1]4]42136]10]37]126]20]33]3...
0]16126]37]10]4]21]1|33]1816]8145]22136]20]30]39]43]0

E3 0]19]7]11]38]32|5]14]|27|12|17]25]|0

0113|29]128|40135|2]41]13]23]|24|9]15|42]|34|44]31]|0
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