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Abstract 

The internet penetration has transformed the way people shop and has enlarged online 

shopping popularity. From 2014 to 2016, electronic commerce has increased by 50% 

and the forecast predicts a threefold increase by 2020. This growth creates various 

challenges for logistics providers when it comes to home deliveries. Researches showed 

that the last mile delivery accounts for 13% to 75% of logistics costs and is currently 

regarded as the most problematic and most polluting section of the entire supply chain. 

Till now, there is no straight forward solution but technology is paving the way to 

optimize this part of the logistical process. At the same time, the popularity of mobile 

applications is an opportunity for companies as they create valuable connections 

between companies and customers. This research aims to benefit from these 

connections to finish the last leg of delivery through the use of crowdsourcing. The idea 

is to use a pool of citizens to deliver products from several lockers distributed around 

the city to consumers’ doorsteps. Deliveries occur during a set time window for each 

customer taking into consideration drivers’ capacity and availability time. The problem 

as described is proven to be NP-Hard, thus its solution should be verified using exact 

and heuristic-based techniques for large size instances. We propose two Integer Linear 

programming (ILP) formulations with the objective of minimizing the total reward paid 

to crowd-workers through optimum assignment of parcels to drivers and optimum 

routing for each driver. The proposed models are first solved using Lingo software and 

their run time compared. Furthermore, a Variable Neighborhood Search (VNS) 

algorithm that uses a Variable Neighborhood Descent (VND) in its local search phase 

is developed using C++ programming language to solve large-size problems in a 

reasonable time. The proposed algorithm returned exact and near-optimal solutions 

within few seconds depending on the problem’s size and all results were obtained 

within an average of 20 seconds. A sensitivity analysis is conducted by varying the 

main model parameters to determine inputs’ their impact on the problem. Although 

there was a clear correlation between some parameters and the total delivery cost, some 

other experiments were inconclusive. 

Search Terms: Electronic commerce; home deliveries; last mile delivery; 

crowdsourcing; parcel lockers; Variable neighborhood search, variable neighborhood 

descent; 
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Chapter 1. Introduction 

In this chapter, electronic commerce and its categories, the last mile delivery 

problem, crowdsourcing and its application in logistic are briefly discussed. A brief 

introduction for the vehicle routing problem and some of its different variants is also 

given. Then, we present the problem under investigation as well as the thesis objectives, 

contributions and significance. Afterwards, the methodology of the research is 

explained and finally, the general organization of the thesis is presented. 

1.1. Foreword  

With today’s fierce market competition, companies are trying to optimize their 

operations and speed up their processes so as to maximize their profit and reduce their 

costs. As a result, products can be delivered to customers at the lowest possible price 

which in turn increases customers’ satisfaction and retention. Therefore, companies are 

implementing various strategies to optimize their operational efficiency and their entire 

supply chain. For customers, the success of this supply chain is judged through orders 

delivery experience which has a major impact on their future purchasing decisions. 

Inaccurate or late deliveries lower the efficiency of the supply chain whereas effective 

and cost-efficient logistics can be a real competitive advantage. When talking about the 

efficiency of the supply chain, the world has achieved a great success to maximize it; 

but when it comes to the last leg of delivery the road ahead is still long.  

The internet penetration has transformed the way people shop and has enlarged 

online shopping popularity. Traditional shopping is losing its gleam and online 

shopping is becoming more favored as it is more convenient, easier and less stressing. 

With one click, and from where they are, shoppers can get enormous variety of products 

from different sellers without worrying about physical boundaries, shopping time 

constrains or even geographical areas. Online shopping experience will never 

disappoint customers as even the hard to get items can be easily found online; but what 

these customers really seek is an efficient, cheap, convenient and rapid home delivery.  

With this online shopping on the rise, retailers have to give sufficient and great attention 

to their distribution channels and delivery means. As technology keeps advancing and 

population gets larger, online purchasing will become a central part of people’s life and 

will become more sophisticated with each year. There is no doubt that companies have 
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to optimize their distribution and delivery to compete in this new battleground or they 

will struggle to survive. 

The internet penetration coupled with the popularity of mobile applications 

creates an opportunity for companies to save money and deliver their products faster. 

Some people have the desire and the time to be involved in products delivery and others 

have the necessity to enhance their income and earn some extra money. The existing 

technology tools can be used to leverage the daily routes of those people who are 

already on the road to make products deliveries. Several shipping challenges; delivering 

single product for example, can be overcome by matching deliveries to individuals' 

itineraries. Thus, through leveraging the internet and the crowd, companies can strike 

the correct balance.  

The last leg of the delivery journey will continue to be the most crucial and 

problematic part of the supply chain.  While there is no straight forward solution to it 

right now and no one has quite figured it out, technology is paving the way for 

companies to optimize this part of the logistical process. In this work, we aim to 

implement the ingenious innovation "crowdsourcing" to provide a new solution for this 

crucial element.  

1.2. Electronic Commerce  

It’s no secret that the booming of the internet and the growth of World Wide 

Web (WWW) have changed the way people live, the way they work, the way they 

socialize and even the way they shop. Over and above, the change in society and the 

fact that more and more people are becoming active in the labor market has created 

difficulty for people to find convenient times to shop for their necessities. During the 

last decade, the internet has evolved into a well-established trading environment and 

shoppers have become much more comfortable with this new method of purchasing. In 

its early days, the internet was considered as a medium for advertising and marketing 

but with these changes it’s becoming a preferred way for purchasing products, goods 

and services. The emergence of the internet coupled with the changes in social 

behaviors gave rise to what is called “Electronic Commerce”. 
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 Electronic Commerce or e-commerce hereinafter, in the narrow sense, is a type 

of business in which the process of buying and selling goods and services is performed 

over the internet. By common consensus, E-commerce traces back to 1979 when the 

British entrepreneur and inventor Michael Aldrich piloted a system to process a 

business and consumer transaction [1]. This system was the first demonstration of e-

commerce concept followed by the appearance of two of the most dominant e-

commerce players, Amazon and E-bay, almost two decades later [2]. According to 

Vladimir Zwass, Editor-in-Chief of International Journal of Electronic Commerce, 

“Electronic commerce is the sharing of business information, maintaining business 

relationships, and conducting business transactions by digital means over 

telecommunications networks”. In the literature, there is no universally accepted and 

standard definition of e-commerce and the term appeared in several contexts to match 

different circumstances. However, some important multinational corporations and 

international organizations that play a leading role in international economic activities 

gave some definitions for the term. The Organization for Economic Cooperation and 

Development (OECD) defined e-commerce as “an electronic transaction which is the 

sale or purchase of goods or services between businesses, households, individuals, 

governments and other public or private organizations, conducted over computer 

mediated networks” [3]. Moreover, the International Organization for Standardization 

(ISO) referred to e-commerce as “a general term for the exchange of information and 

requirements between companies, or between companies and their customers” [3]. 

Broadly, the International Chamber of Commerce (ICC) considered e-commerce as 

“the digitalization of all phases of trading activities in the entire trade process” [3]. All 

definitions agree that E-commerce is the use of internet to accomplish the trading 

process; however different models can be developed depending on the parties involved.  

1.2.1. Categories of E-Commerce. According to Qin [4], E-commerce can be 

categorized into the following main categories based on the transaction. Those 

categories are: 

1.2.1.1. Business-to-Business (B2B) E-commerce. B2B refers to the type of 

commerce where both parties involved in the e-commerce transaction are companies or 

businesses rather than businesses and individual consumers. Some businesses require 



17 

 

 

different types of goods and services that should be procured from other businesses and 

thus B2B e-commerce is an important mean of providing these needs. In general, any 

type of transaction that exists between two businesses; a wholesaler and a retailer or a 

manufacturer and a wholesaler for example, is referred to as Business-to-Business 

commerce. Studies show that B2B commerce will become the dominative share in e-

commerce in future and it will take up the majority of total e-commerce trading volume 

[4].  

1.2.1.2. Business-to-Consumers (B2C) E-commerce. While B2B e-commerce 

refers to transactions between businesses, Business-to-Consumers, or B2C, is the 

commerce model in which businesses connect, communicate and conduct all 

transactions with consumers who are the end-users of the products and services. In 

generic term, any process, from online retailing to online banking and travel services, 

in which businesses sell their products and services to consumers for their personal use 

falls under B2C e-commerce. There are many restrictions and factors that make this 

category take up a small proportion of e-commerce, however, B2C is developing 

rapidly and is considered as the main driver for e-commerce development [4]. 

1.2.1.3. Business-to-Governments (B2G) E-commerce. This type of e-

commerce concerns with businesses selling their products and services to governments 

and governing bodies. It focuses on service exchange between businesses and 

governments such as the purchase of goods and services that government may need. 

Moreover, it gives businesses the opportunity to bid on government projects through 

real-time bidding. Broadly speaking, B2G e-commerce refers to the use of internet for 

trade and information exchange and all government-related operations. The size of 

Business-to-Government e-commerce is insignificant as a component of the total e-

commerce and the businesses between governments and enterprises is still in its 

experimental phase [4].  

1.2.1.4. Governments-to-Governments (G2G) E-commerce. This G2G e-

commerce refers to the electronic sharing of data and business transactions between 

government departments and organizations as well as between two different 

governments.  Government-to-Government e-commerce generally aims to support all 

governmental initiatives by improving efficiency and communication. In addition, it 
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aims to improve inter-government processes by streamlining coordination and 

cooperation [5].  

1.2.1.5. Governments-to-Consumers (G2C) E-commerce. All electronic 

commerce activities performed between governments and their citizens are referred to 

as G2C e-commerce. The main focus of this model is to provide citizens with the 

necessary electronic resources to address their needs and make their transactions easier 

and less time consuming. The adoption of G2C e-commerce improves public services 

by giving customers instant and convenient access to government services and 

information at any time from everywhere. Moreover, the overcome of possible 

geographic and time barriers facilitates and increases citizen’s interaction and 

participation in government [5].   

1.2.1.6. Consumers-to-Consumers (C2C) E-commerce. This e-commerce 

model refers to the online transaction between consumers with one consumer selling 

goods or services to another consumer. In C2C e-commerce, two individuals, not 

businesses, electronically transact or conduct business with each other directly. Usually 

there exists an intermediary/third party to facilitate the transaction and to provide a 

platform for the people to connect to each other [6]. C2C e-commerce is the oldest e-

commerce form and it mainly differs from B2B and B2C models in the direct 

interaction between consumers [6].  

In contrast to these main categories, other e-commerce models reverse the 

traditional commercial transaction and allow businesses and governments to extract 

values from consumers. Consumers-to-Business (C2B) and Consumers-to-Government 

(C2G) are e-commerce models wherein consumers can behave as buyers and sellers at 

the same time. In C2B and C2G, individual consumers create value and businesses and 

governments consume that value. This value can be a service, where individuals 

perform a specific service and get paid, a product sold to businesses and governments 

at a cost, or an information, i.e. survey or idea, with a financial reward. Figure 1.1 shows 

all these categories of e-commerce.  
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Figure 1.1: Categories of E-commerce 

The growth of various e-commerce models will create various challenges for 

logistics providers especially when it comes to delivering goods to end-customers. The 

expansion of B2C, C2C and G2C e-commerce will raise the desire for innovative 

delivery solutions and flexible delivery options. With this issue in mind, businesses, 

governments and consumers will strive to find ways to achieve success and to address 

what is known as the “last mile delivery” problem.  

1.3. Last Mile Delivery Problem  

The increase of online shopping increases the importance of home deliveries as 

it substantially generates additional parcels; packages to be delivered, for distribution. 

Companies that come up with creative ways to avoid late deliveries, unmet expectations 

and broken promises through timely and cost-effective deliveries will have the edge. In 

logistics, the delivery of goods to their final destination is what is referred to as the last 

mile delivery. 

Last Mile is a term used in supply chain to describe the movement of goods 

from fulfillment centers or transportation hubs to their final destinations. In other terms, 

the last mile is the last leg of a product’s trip before it arrives on customers’ doorstep 

and it’s considered as the moment that matters [7]. In e-commerce environment, last 

mile delivery (hereinafter referred to as “LMD”) is the problem of transport planning 
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for delivering goods from e-retailers’ hubs to their final destination in the area; end 

consumers’ homes for instance [8]. Figure 1.2 illustrates the last mile. 

 

Figure 1.2: The Last Mile 

The problem with the LMD is that it represents a paradox between speed and 

cost; customers expect fast same-day or on-demand delivery yet they remain highly 

price sensitive and tend to prefer cheapest available delivery options. The main 

challenge for companies is to find ways to minimize shipping expenses while providing 

customers with rational delivery times and reasonable delivery costs.  Above this, there 

are many other circumstances that increase LMD challenges such as incorrect 

customers’ addresses, cramped customers’ locations, drivers’ shortages and some 

adverse economic conditions such as rising fuel prices. In addition to these 

circumstances, the followings are of the main factors that can adversely affect the 

efficiency of the last mile delivery: 

1.3.1. Absence of parcels recipients. This problem, referred to as unattended 

delivery, is of increasing concern to e-commerce stakeholders and the proportion of 

first-time home delivery failure is more than 20% [9]. The fact that most houses are 

likely unoccupied during the working day along with the growth of leisure activities 

outside homes increase the probability that no one is actually home to receive the 

orders. As a result, orders may need to be shipped three or four times before being 
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successfully delivered. Failure to deliver orders to their intended recipients on the first 

delivery attempt causes inconvenience to customers, increases costs to delivery service 

providers and results in high carbon emissions. For logistics operators, returning items 

to distribution centers or transportation hubs and rearranging these failed deliveries 

generate additional costs. For customers on the other side, failed deliveries will 

eliminate the convenience and time saving of online shopping as they may need to 

handle this last mile of delivery and collect their returned orders from certain locations 

or alternative addresses. Moreover, a failure rate of 10% increases CO2 emissions by 

15% and the percentage increase can reach 75% with a failure rate of 50% [10]. Parcel 

recipients are critical factors for the success of home deliveries and delivery failures 

can be reflected poorly on both companies and delivery service providers.  

1.3.2.  Delivery Windows. To avoid “not at home” syndrome, companies may 

need to offer their customers delivery time frames options in which the customer will 

be available to receive the parcels. Increased requests for arranged deliveries lower 

LMD efficiency as customers prefer shorter delivery windows while companies favor 

longer windows to better optimize delivery routes. Customers tend to favor narrow time 

slots since broad ones will keep them tied to their homes for hours to attend and await 

their orders. On the other hand, adding restrictions on delivery times imposes huge costs 

for delivery service providers as costs of deliveries with time windows are considerably 

higher than for those without time windows [10]. For instance, offering a 3 hour 

delivery window is 30–45% more expensive than offering normal 9 hour delivery 

window [11]. At the end, the paradox is that tighter windows are more convenient for 

customers but costlier for logistics operators. To achieve this balance, some companies 

such as FedEx offers specific delivery times but at an additional charge over the basic 

delivery offering to alleviate the increased cost of restricting delivery times through 

shorter windows [11]. 

1.3.3.  Customers Density. Customer density, which is the number of 

customers within a specific area, is also considered as one of the key operational and 

logistical challenges when delivering orders directly to customers [11]. Delivering few 

orders to low density areas where shipments can contain only one package exacerbates 

LMD expenses significantly especially with the rising transportation costs. There exists 
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a strong relationship between customers density and delivery routes efficiency [11]. 

Deliveries in central city areas results in high efficiencies in terms of number of 

deliveries per mile travelled. On the other hand, suburban areas and rural settings lower 

routes efficiency as they usually result in an increased distance per package, that is; 

very few deliveries per mile travelled. Suburban and rural density problem gives 

logistics providers less opportunities to optimize their delivery routes and hence results 

in greater route inefficiencies. Companies can increase market density by restricting 

deliveries to certain days of the week however this gives customers less choices and 

increase their inconvenience.  

1.3.4. Environmental challenges. The steady increase in freight delivery 

vehicles result in many environmental problems such as traffic congestion, noise 

nuisance, harmful emissions and problems with public spaces. Freight vehicles 

represent around 15% of total traffic in urban areas and they have more significant 

impact than passenger vehicles due to their size and frequent stops [12]. The emissions 

from diesel-powered freight vehicles are harmful to climate and public health and hence 

delivery service providers should exhibit compliance with emission standards. 

Therefore, e-retailers and logistics providers should not focus only on reducing LMD 

costs but also on reducing carbon footprint from their freight vehicles. To minimize 

these emissions, providers should minimize the total number of their trucks and 

maximize the utilization of existing trucks. Moreover, they can shift to greener delivery 

types e.g. bikes however at the expense of delivery speed. The increasing requests for 

environmental friendly transportation forces last mile logistics providers to move into 

green logistics deals and think about LMD impact from ecological point of view.  

The above-mentioned challenges and others dictate that companies should 

diligently manage the last mile of their deliveries. To meet customers’ expectation 

regarding delivery times and the overall delivery experience, and to operate with the 

least possible cost, online retailers and businesses should invest in new technological 

solutions. For years, companies have been tweaking around many strategies and 

solutions to manage the last mile. Several solutions have been implemented such as 

consolidation centers, pickup stations, delivery boxes, alternative addresses, near stores 

and self-service parcel stations. Although these solutions ensure that 100% of the 



23 

 

 

parcels are delivered, customers are responsible of the final leg of the journey. As the 

importance of the last mile delivery is increasing, e-commerce giants such as Walmart, 

Amazon and Google are implementing some new innovative solutions. Amazon is 

testing delivery drones that deliver parcels to customers wherever they are at the 

moment and hence it’s thinking beyond home delivery [13].  With these drones, and 

with a “Bring it to me” option from the consumer's mobile device, the customer does 

not have to remain in one place after placing the order. While delivery drones’ solution 

is promising, there are still specific operation rules and a way to go before regulators 

open the skies for commercial use. Along with Amazon, Walmart and Google, among 

others, are currently piloting same-day delivery projects in selected locations [14]. 

Despite the pressures and costs of expedited transportation, Amazon, Walmart and 

Google, are considering the adoption of same-day delivery; intrigued by the newly 

emerging concept of crowdsourcing. 

1.4. Crowdsourcing in Logistics 

The internet and social media laid the ground for easy and cheap communication 

and collaboration between organizations and their customers. They have created 

valuable connections between companies and their users; which give companies access 

to new ideas and solutions. Likewise, they create an opportunity for companies to add 

significant values to their products and services according to customers’ preferences. 

This phenomenon gives companies the opportunity to leverage the collective 

intelligence of theses online communities to serve their business goals, optimize their 

tasks and reduce their costs. Hence, businesses have become concerned with how to 

build and sustain these online communities in the first place. The development of this 

web communication has led to the emergence of new models for business and one of 

these models, related to business and innovation, is known as crowdsourcing [15].  

 Being first discussed in [16], crowdsourcing is a term coined by Jeff Howe in 

2006 to describe outsourcing a task to the crowd. The term is a compound contraction 

of “crowd” which is defined as a mass of people and “outsourcing” which refers to the 

shift of processes, functions, and duties to third parties [17]. As a first attempt to 

conceptualize the term, Howe defined crowdsourcing as “the act of a company or 

institution taking a function once performed by employees and outsourcing it to an 
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undefined (and generally large) network of people in the form of an open call. This can 

take the form of peer-production (when the job is performed collaboratively), but is 

also often undertaken by sole individuals. The crucial prerequisite is the use of the open 

call format and the large network of potential laborers” [18]. The use of crowdsourcing 

permits businesses to increase their value and visibility by involving large group of 

people from outside the company. However, this crowd becomes an essential connected 

resource and an integral part of the company. From Howe’s definition and according to 

[19], the key ingredients of crowdsourcing are: 

• An organization that has a task it needs to perform. 

• A community (crowd) that is willing to perform the task voluntarily. 

•  An online environment that allows the work to take place and the community 

to interact with the organization. 

• Mutual benefit for the organization and the community. 

 

Figure 1.3: Crowdsourcing Ingredients  

The initial form of crowdsourcing was crowd working wherein a group of 

external people acted as employees and performed a work that was previously 

conducted within an enterprise [17]. Since then, crowdsourcing has steadily developed 

into new contexts across many disciplines and it has been used to eliminate inefficient 

operations and to invent entirely new ones in different fields ranging from geography 

to medicine [15].  
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 In logistics sector, crowdsourcing delivery can be an answer to the growing 

expectations for faster and cheaper delivery services. Delivering products to their last 

mile is an activity that can be broken down to benefit from the availability and diversity 

of the crowd; hence the role of crowdsourcing in LMD cannot be overlooked. The 

transfer of crowd work to logistics sector gave a rise to a new concept known as crowd 

logistics. Being defined in [20], crowd logistics is “the outsourcing of logistics services 

to a mass of actors, whereby the coordination is supported by a technical platform, 

which is hosted and managed by a crowd logistics provider”. The platform acts as a 

communication medium and can be accessed via multiple ways such as web browsers, 

mobile phones or generally using the internet. The aim of this platform is to coordinate 

the demand and the supply for transport services [20]. The application of crowd 

logistics in the last mile delivery improves the existing delivery practices in terms of 

flexibility, speed and volume. Moreover, with the growing number of single-parcel 

deliveries the use of crowdsourcing, in opposition to traditional delivery services, 

reduces the environmental impact which is gaining a growing attention with the rising 

requests for green logistics.  

Major e-commerce players, Amazon and Wal-Mart, are experimenting new 

delivery services that rely on crowdsourcing. In 2014, Amazon experimented a far more 

innovative method of providing same-day delivery to its customers in San Francisco 

and Los Angeles [21]. After being stung by shipping delays blamed on regional courier 

services such as UPS and FedEx, Amazon has been exploring various options to have 

its own delivery vehicles [21]. The company used a taxi-hailing mobile app to ship 

parcels via licensed taxi cabs providing customers with speedier deliveries and 

generating secondary revenue for cab drivers during their off-peak hours. As an 

alternative mode of delivery to speed up shipments while restraining costs, Amazon is 

considering “on my way” service that uses everyday people to pick up and drop off 

packages for customers [22]. With this service, average consumers could pick up their 

own parcels and deliver other parcels to their consumers at their convenience. At the 

side of Amazon, Wal-Mart is considering crowdsourcing the delivery of online 

purchases using in-store customers [23]. Their idea is to use in-store customers to drop 

off online orders packages that are on their route back home. In return, in-store 
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customers will have a discount on their shopping bills that covers the cost of their gas 

in return for the delivery of packages.  

 Crowdsourcing initiatives would undoubtedly be a cheaper alternative for e-

retailers who are always looking for better options to get deliveries to customers on 

time. The broad participation that takes place at relatively no cost is what makes 

crowdsourcing a powerful way to cut the last mile delivery costs.  

1.5. Vehicle Routing Problem (VRP) 

Vehicle Routing Problem, referred to as “VRP” hereinafter, is a widely-studied 

optimization problem that arises in many practical contexts such as transportation, 

freight collection and distribution, and many others. The problem addresses 

organizations' concern of determining which orders to serve, by which route, and in 

what sequence so as to minimize operating and distribution costs. VRP is a generic term 

given to the whole class of problems that try to find the optimum delivery routes for a 

fleet of vehicles to serve a number of customers or cities. The goal of VRP is to find a 

set of least-cost vehicle routes such that each customer is visited exactly once by one 

vehicle and each vehicle travels only one route, originates and terminates its route at a 

central depot, , and the capacity of the vehicles is not exceeded [24]. The problem was 

first introduced in 1959 as a “Truck Dispatching Problem” that models how a fleet of 

trucks can serve the demand for oil of a number of gas stations from a central hub and 

with a minimum traveled distance [24]. Since then, VRP has grown as an optimization 

problem commonly encountered in transport and logistics domain and has been 

extended in many ways that consider real-life characteristics and aspects. The extension 

of the classical VRP by adding different constrains on vehicles or customers resulted in 

a large number of variants. Among these variants, we will consider the followings: 

1.5.1. Capacitated Vehicle Routing Problem (CVRP). The capacitated 

vehicle routing problem is an extension for the classical VRP wherein a new constraint 

regarding vehicle capacities is added. In the CVRP, all vehicles are identical and have 

a maximum capacity load.  In other words, the demand of commodities for each 

designated route should not exceed the capacity of the vehicle serving that route [25].  
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1.5.2. Open Vehicle Routing Problem (OVRP). In the open vehicle routing 

problem, vehicles are not required to return back to the central depot after servicing the 

last customer in their route. This variant is used in industrial and service applications 

and is utilized in practice in delivering newspapers and packages to homes [26]. OVRP 

is mostly adopted by delivery companies that use contractors who are not employees of 

the company and who use their own vehicles to deliver packages to residential 

customers. Hence, these companies require neither the contractors nor their vehicles to 

be returned to the depot.  

1.5.3. Multi-depot Vehicle Routing Problem (MDVRP). In real life 

contexts, companies utilize several depots and warehouses from which delivery 

vehicles depart when starting their routes. This kind of VRP is called multi-depots 

vehicle routing problem and it’s much more complex than the classical problem. In 

MDVRP, each depot has a fleet of vehicles and the problem is to optimize the 

assignment of customers to depots. Each vehicle starts from a depot, service the 

customers assigned to it and terminates at the same depot [25]. 

1.5.4. Travelling Salesman Problem (TSP). The travelling salesman 

problem is one of the widely-used routing optimization problem in the field of 

operations research. Simply stated, TSP is the problem of minimizing the total distance 

travelled when a salesman has to visit a number of cities [27]. For a set of cities, given 

the travel distance between each pair of cities, TSP seeks the shortest possible path for 

the salesman to visit each city only once and return to his starting point. The TSP has 

been extended to multiple travelling salesman problem (mTSP) where more than one 

salesman is considered. Furthermore, mTSP has also been extended to multi-depot 

multiple travelling salesman problem (MmTSP) in which more than one salesmen 

depart from several starting depots and return to these depots. In general, since this 

problem is considered as a special case of the VRP, almost all VRP variants has been 

studied in TSP. 

The vehicle routing problem has many other variants that have been widely 

studied to find optimum solutions for real life scenarios. The above briefly discussed 

variants are the ones that are mostly addressed in last mile delivery.  
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1.6. Problem Statement 

As e-commerce continues to grow in a bigger way than before, e-businesses are 

confronted by a rising issue that could threaten customers’ positive experience with 

online shopping. The increased volume of goods to be delivered coupled with the 

increased expectations for the delivery experience strengthens the difficulties of 

managing the last mile. A recent article mentioned that between 13% and 75% of all 

costs related to logistics are attributable to the last-mile [28]. Hence, online buyers may 

end up having delivery costs much greater than their actual purchase. The last mile 

problem is growing in tandem with soaring e-commerce sales and there is a need to 

provide lasting solutions that can stand up to the growing demand in the coming years. 

 In this work, we aim to leverage a pool of crowd-workers to finish the last leg 

of delivery; that is from a collection point to consumers’ doorsteps. The problem under 

consideration can be described as follows: There exists, outside the city, an urban 

consolidation center (UCC) with unlimited capacity and an eco-friendly fleet of 

vehicles. At the UCC, goods are consolidated based on their destination and delivered 

to several parcel lockers distributed in the city. As an attempt to assure a successful 

delivery, parcels are not delivered to their locations unless the customer places a 

delivery request. At fixed intervals; every hour for instance, the available crowd-

workers, the maximum number of tasks they can deliver, their current locations, their 

destinations and more importantly their availability time frame, that is; the time at 

which they are willing to deliver, are identified. If there is a single order to deliver, 

intuitively it will be assigned to the worker with the minimum additional cost. In case 

there is more than one request, they will be assigned to drivers in an economical way 

that minimizes the total reward paid by the company to crowd-workers. Drivers can 

either accept or reject the delivery requests and hence the rejected parcels should be 

reassigned. Figure 1.4 illustrates the problem through a single-parcel delivery example 

and explains the assignment process as follows: 

1. When the parcel recipient is available, the customer places a delivery request. 

2. As a second step, and at fixed intervals, only the available crowd-workers, their 

vehicle’s capacities, their current locations, their destinations and their 

availability timeframe are identified.  
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3. Based on the available workers, the request is assigned to the driver with the 

minimum additional cost. 

4. In case the worker rejects the delivery request, the parcel will be reassigned to 

the available driver with the second minimum additional cost. 

5. In case the worker is willing to handle the delivery, he/she should accept the 

assigned task. 

6. Finally, the assigned worker picks up the parcel from the locker and delivers it 

to customers’ address.  

 

Figure 1.4: Single-Parcel Delivery Example 

We assume that the total cost is composed of a fixed delivery fee and a variable 

delivery fee; the former is a fixed fee rewarded for the driver when he is assigned a 

delivery task or set of tasks whereas the latter varies with the distance travelled. The 

objective of the proposed model is to seek optimum assignment of the parcels to drivers 

who are willing to deliver, as well as the optimum routing for each driver. The solution 

will maximize trips taken by a single driver thus maximizing rewards for drivers while 

minimizing company cost.  
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Since this problem will be modelled as a Vehicle Routing Problem or a 

Traveling Salesman Problem, it will be considered as an NP-Hard problem. To handle 

medium-sized and large-size instances, a heuristic method will be developed. Due to 

its simplicity and soundness in solving such kind of problems, a Variable Neighborhood 

Search (VNS) heuristic will be proposed.  

1.6.1.  Delimitations. This research tackles the final leg of product journey 

from parcels lockers to consumers’ doorsteps. It takes into consideration neither the 

optimization of lockers selection nor the delivery from the UCC to the selected 

stations. 

1.6.2. Assumptions.  An urban consolidation center (UCC) with unlimited 

capacity and an eco-friendly fleet of vehicles exists outside the city. Parcels are 

shipped from the UCC to one of already existing parcel lockers based on their final 

destination. The selection of the parcel lockers as well as the scheduling optimization 

of delivery to these lockers is as optimal as possible. 

1.7. Thesis Objectives and Contributions  

The problem of “last mile” delivery is not a new occurrence but it has increased 

significantly with the growing electronic commerce. The objective of this work is to 

offer a lasting solution to the moment that matters and that, if not managed well, could 

leave customers with bitter disappointment. The main contributions of this research are: 

1. Propose and formulate an Integer Linear Programming (ILP) crowdsourcing 

optimization problem that utilizes a pool of crowd-workers to perform the last 

mile delivery. 

2. Present a new way of modelling that combines tasks’ assignment and drivers’ 

routing through the use of a distance matrix that includes all problem elements. 

3. Propose and develop a Variable Neighborhood Search (VNS) heuristic to be 

used in solving medium-sized and large size problems.  

4. Minimize total delivery costs paid by companies through optimal parcels 

allocation and drivers routing so as to minimize the total additional distance 

travelled by workers thus reducing the variable cost. 
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5. Lessen the environmental impact of last mile delivery through the use of urban 

consolidation center and the elimination of dedicated delivery trucks.  

6. For companies, the elimination of freight transportation vehicles eliminates 

operations, maintenance and other costs such as insurances, benefits … etc. 

7. Reduce the number of missed deliveries substantially by using parcel lockers 

and delivering to customers only when they are available to receive their 

parcels. 

1.8. Research Significance 

From 2014 to 2016, worldwide e-commerce sales increased by almost 50% and 

the forecast for 2020 predict a threefold increase [17]. Nowadays, it’s almost impossible 

to find a business that doesn’t offer online shopping services and few years from now, 

it’s most likely that people will be fortunate enough to order even their groceries form 

home.  Customers, more often than not, expect doorsteps delivery in almost no time. 

Although these consumers’ channels have a hard to predict demand, e-businesses 

should have quick response delivery systems. The last mile is currently regarded as the 

most expensive and most polluting section of the entire supply chain and hence the 

implemented solutions should address these challenges in this crucial part of the 

journey. Delivery trucks, due to their sizes and frequent stops, increase traffic 

congestions and air pollution considerably, thus they should be replaced by other 

alternatives. The utilization of vehicles that are already on the road instead of the use 

of dedicated freight vehicles reduces the traffic congestion and its associated polluting 

emissions and costs substantially. Above that, having no vehicles to maintain and no 

regular salaries and benefits to pay tends to save a lot for companies. For consumers, 

having a fast delivery at any time without being bound to delivery providers’ operating 

hours is the best possible option. Therefore, crowdsourcing in LMD is a competitive 

differentiator for companies, a favorable solution for consumers and a direct contributor 

to sustainability.  

 The experience of customers at the last mile stage determines their common 

perception about the business which flatters around the market. The ability to fulfill 

customers’ order on time reflects the success of the business and hence there has never 

been a better time to start thinking about the power of crowdsourcing in LMD. 
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1.9. Methodology  

To achieve the outcomes of this research, the following steps will be followed: 

Step 1: Extensive review of literature on crowdsourcing in last mile delivery, vehicle 

routing problem and the variants of the travelling salesman problem, and the heuristics 

methods used is solving such problems.  

Step 2: Identify objective function, decision variables and constraints based on model 

assumptions.  

Step 3: Formulate a mathematical model to optimize parcels’ assignment and drivers’ 

routings.  

Step 4: Code the formulated model using appropriate optimization software. 

Step 5:  Develop a heuristic method to test the ability of the developed model to solve 

large instances.  

Step 6: Perform sensitivity analysis to assess model’s sensitivity to model inputs. 

1.10.  Thesis Organization 

The thesis is organized as follows: Chapter 2 presents the literature review on 

the last mile delivery problem, the use of crowdsourcing in last mile delivery and the 

vehicle routing problem. Chapter 3 presents the formulation of the two linear 

programming models and the experimentations of these models. Chapter 4 illustrates 

the proposed Variable Neighborhood Search Algorithm and its phases. Chapter 5 

presents the experimentations, results and the sensitivity analysis. Chapter 6 presents 

the conclusion and future research. 
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Chapter 2. Literature Review 

Last mile delivery problem literature is vast and an extensive literature searches 

were done in the past years to address the interacting but poorly understood problem 

causes. In recent years, companies started to move toward efficient and reliable logistics 

that support the fulfillment of customers’ promises and hence an impressive amount of 

literature is done on this problem.  Although last mile delivery has been studied broadly 

with different proposed solutions, we restrict our attention to the application of 

crowdsourcing. Crowdsourcing is seen as an innovative and promising solution for 

many problems, yet we primarily focus on its application in this last leg of delivery. 

In this chapter, the relevant literature about the last mile delivery problem, the 

use of crowdsourcing in last mile delivery and the vehicle routing problem will be 

reviewed. 

2.1. Last Mile Delivery Problem  

The last mile delivery, which refers to the final leg of the supply chain wherein 

products are delivered to their final consumers, is the most crucial element in e-

businesses. For years, researchers have been trying to solve the economic, social and 

environmental pressure of the last mile delivery. The most studied problem is 

“unattended home delivery” when recipients are not at home during the delivery. Many 

studies such as [10, 29-33] presented alternative solutions for home deliveries to reduce 

rework which generates extra costs, extra kilometers, and extra emissions. Their idea is 

to ship the parcels to some collection points instead of customers’ locations and the 

parcels are picked later by the customers at their convenience. Moreover, Van Duin et 

al. [29] disclosed that pre-delivery contact with customers is a promising concept to 

guarantee efficient delivery. Above and beyond, Agatz et al. [33] added that physical 

in-store pick-up points such as petrol-stations, groceries and supermarkets are also 

becoming common alternatives for home deliveries. In contrast, some studies argued 

that there exist some deliveries that require the presence of customers for a reason or 

another such as the necessity of customers’ signature. Of these researchers, just to name 

few, are Ehmke et al.  [34] and Agatz et al.  [35] who studied routing optimization and 

timeslot management in “attended home delivery” problem respectively. The latter 

authors tried to identify specific time slots for different areas so as to minimize expected 
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total delivery cost. Results showed that narrow delivery time slots are convenient for 

customers but greatly reduce routing efficiency. 

 The environmental and economic impact of last mile delivery have been subject 

to much discussion as these impacts result in air pollution, noise and traffic congestion 

due to the low utilization of delivery vehicles. Handoko et al. [36] and Browne et al. 

[37] , along with others, introduced Urban Consolidation Centers (UCC) to minimize 

delivery trucks and costs and to avoid vehicle-type restrictions in city centers. The idea 

is that orders from various carriers are consolidated at the UCC based on their 

destinations into the city, and then carried out by eco-friendly fleet of vehicles owned 

by the UCC for the actual last-mile delivery. One limitation of UCC that was 

highlighted in [37] is that they suit neither perishable and time sensitive goods nor 

goods that require special distribution and handling. Inspired by the need to reduce 

traffic congestion, air pollution and resources wastage, Liakos et al. [12] and Petrovic 

et al. [28] studied this problem as well. The former authors introduced a freight-pooling 

system that orchestrate shipments of multiple shippers and transfer their goods using 

significantly less resources thus providing an economically and environmentally 

efficient delivery. The latter authors investigated the opportunities to enhance end-to-

end information flow by utilizing mobile communication systems to increase the 

efficiency of the shipment process as a whole. Their proposed approaches include the 

establishment of direct communication channels with recipients, interactive 

Communication channels between all participants and the integration of information 

flow of the sender and the recipient. 

 To put it briefly, last mile delivery is a crucial challenge for logistics services 

and it has become one of the bottlenecks of e-logistics [38].  The problem has been 

studied by many more researchers who tried to alleviate low efficiency and service 

dissatisfaction yet there is no room to be comprehensive.  

Solution Approaches: Last Mile Delivery Problems are NP-hard problems, which 

means that it would be difficult to find and prove the existence of an optimal solution 

using exact algorithms within short computation time [39]. A study in Singapore 

revealed that courier companies may need to deliver more than 3,000 parcels each day 

to different locations and hence with these large problem sizes, it is necessary to 
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develop a heuristic approach to achieve higher efficiency and better service levels [39]. 

Several researchers, [39-47] to name a few, have developed different heuristics to solve 

last mile delivery problems in different contexts. For instance, Gunawan [39] and Isler 

et al. [46] developed Genetic Algorithms (GA) to solve a last mile delivery problem in 

smart cities and in automotive parts distribution problem respectively. In [39], the 

author developed a mathematical model to minimize the total waiting times for 

customers and carriers with narrow time windows and same-day delivery requests. Due 

to the difficulty to solve large instances, the authors then proposed two heuristic 

algorithms; a Greedy Algorithm to find the minimum number of vehicles to fulfil the 

deliveries, and a Genetic Algorithm to find the optimal routes for vehicles to minimize 

their waiting time considering customer’s narrow time windows as hard constraints. 

The author further assumed that the number of fleet is enough and it consists of 

homogeneous vehicles with the same volume and weight capacity. In [46], the authors 

developed the model with the objective of determining the best number of delivery 

regions, assigning clients to each region to minimize the total transportation cost and 

then routing a set of vehicles within each region. They divided the problem into two 

stages; firstly, clients are clustered into groups by solving a capacitated p-median 

problem using a heuristic based on a novel Genetic Algorithm, and secondly, vehicles 

are routed for each cluster by solving a series of Capacitated Vehicle Routing Problems. 

The main goal of the hybrid Genetic Algorithm is to determine clusters of clients that 

are compact and homogeneous in size. As the resulting number of clients assigned to 

each cluster was not large, the Capacitated Vehicle Routing Problem was modelled as 

an integer programming formulation and solved to optimality.  

On the other hand, Araújo et al. [40] implemented a simulation-based approach 

that combines an iterated local search metaheuristic with Monte Carlo Simulation. The 

authors believe that metaheuristics are applied to simplified scenarios where real-life 

uncertainty is not considered. However, when dealing with stochastic components an 

approach combining optimization with simulation is more appropriate. They also 

believe that the increase in mobility patterns in cities requires new services based on 

resource sharing such as the horizontal cooperation (HC) which increase resource 

utilization and reduce costs. In their context, the first part of the solution is the customer 
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allocation to depots, and the second one is to find the set of routes to serve the 

corresponding customers. Comparison results showed the power of the proposed 

simheuristic over heuristics and metaheuristics. Unlike [40], Sungur et al. [41] 

modelled uncertainty in a real-life courier delivery problem, in which customers appear 

probabilistically and their service times are uncertain, using normal heuristics. The 

authors used scenario-based stochastic programming to model uncertainty in customers 

and robust optimization for service times’ uncertainty. The problem was formulated as 

a mixed-integer program model that maximizes customers’ coverage and minimizes the 

total time spent by the couriers and the total earliness and lateness penalty. To solve 

large-scale problem instances, an insertion-based two-phase heuristic was developed 

and a tabu search improvement procedure was adopted afterwards.  

Some researchers such as Schneider et al. [42] and Coelho et al.  [43]  developed 

heuristics to solve the delivery problem when vehicles have intermediate stops or 

pauses in their routes. The former authors in [42] developed an adaptive variable 

neighborhood search heuristic which combines ideas of variable neighbor search and 

adaptive large neighborhood search when vehicles have stopping requirements at 

intermediate facilities to replenish the goods to be delivered or to unload collected 

goods. The stops have different service times depending on the load level which 

imposes additional route duration constraints on the routing model. The objective of 

the proposed model is to minimize a total cost composed of travel cost and fixed cost 

for the deployment of vehicles. The latter authors in [43] tackled a delivery problem in 

furniture industry when drivers must take breaks pauses during their shift. They 

proposed a multi-start randomized local search heuristic in which customers have time 

windows and drivers’ pauses must be within an interval in each route. Furthermore, the 

authors assumed a heterogeneous fleet of vehicles that route within a specific interval 

and has a maximum working time. The challenge in the problem context is that neither 

pauses locations nor the number of pauses are known as the number of routes is 

typically a decision variable. The objective is to minimize the total length of each route 

and the total travel distance. The results of the computational experiments demonstrated 

the importance of considering drivers’ pauses in the optimization phase.  

Balcik et al. [47] came up with a heuristic algorithm for the distribution of 

emergency relief supplies from local distribution centers to several demand locations 
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affected by disasters in humanitarian relief chain. The main decisions are the allocation 

of the relief supplies at the distribution centers among the demand locations and the 

determination of the delivery schedules and routes for each vehicle. The proposed 

model determines delivery schedules for vehicles considering vehicles capacity and 

delivery time restrictions with the objective of minimizing transportation costs and 

maximizing benefits to aid recipients. The model provides decisions about the customer 

delivery times, the number of items to be delivered at each visit, and the delivery routes.  

The authors assumed that the location of the distributions centers is predetermined and 

their capacity is sufficient to serve their service region. 

To sum up, heuristics and meta-heuristics are generally used on last mile delivery 

in location-routing problems that seek to determine the optimal network configuration, 

i.e. location of consolidation facilities and vehicle routing sequences [45]. Logistics 

operators implement these methods to minimize the operating and fixed costs of 

vehicles and facilities, and to satisfy customers’ demand and systems constraints, which 

are generally related to vehicles capacity or service times [45].  

2.2. Crowdsourcing in Last Mile Delivery 

In recent years, the use of crowdsourcing in last mile delivery has become a 

prolific and active area of research. Devari [48] investigated, through a study in city of 

Alexandria – Virginia,  the benefits of using social networks in last mile delivery to 

reduce delivery times and costs, number of trucks in use and total miles travelled. The 

author studied the minimum level of friendship required for people to accept delivering 

products to peers, maximum extra time for which people are willing to accept 

participation in delivery and the monetary compensation. Results showed that retailers 

could save up to 8600 USD per day and achieve up to 55% reduction in pollutants with 

an average of 10 minutes extra time per delivery. Several researchers studied the 

problem with different criteria to optimize; for instance, [49] and [50] minimized the 

total reward paid by the logistic companies to crowd-workers and maximized the total 

payoff from tasks completed respectively. Wang et al. [49] proposed a crowdsourcing 

model that takes less than 10 seconds to find the optimal assignment of 2000 parcels to 

a pool of 500,000 crowd-workers. Parcels are initially sent to pop-stations and 

thereafter each parcel is assigned to a crowd-worker based on historical trajectory 



38 

 

 

patterns. After the successful delivery, workers are rewarded a certain amount of money 

based on the additional distance travelled. This model was formulated as a min-cost 

flow problem and was solved using Network simplex algorithm. Unlike our work, the 

authors assumed that the crowd-workers will always accept the delivery and the 

workers are rewarded only on the additional distance travelled. Moreover, in their 

model, the authors assumed a single destination and solved only parcels’ assignment 

without finding the optimum routing. Chen et al. [50] introduced a centralized and more 

coordinated crowd-tasking approach that was initially formulated as an integer linear 

programming. The model tended to be intractable and hence a greedy heuristic was 

used to give an initial solution followed by an iterated local search heuristic to improve 

the quality of the initial solution. The authors concluded that the proposed centralized 

model outperforms the existing decentralized approaches in terms of tasks performed 

and detours overhead. The model proposed in [49] surpasses the one in [50] in terms of 

scalability as the latter tended to be intractable even for small-sized problems whereas 

the former handles millions of crowd-workers. Moreover, the use of heuristics in [50] 

gives approximate solutions while the model developed in [49] is very efficient and 

returns optimal results. 

Another greedy algorithm was used in [51] to minimize total travel cost through 

minimizing total travel distance when workers’ exact locations are obfuscated. The 

model first assigns tasks to workers based on their cloaked locations that follow certain 

probability distributions. Each participant then fine-tunes his tasks assignment based 

on his exact locations. The proposed approach proved its soundness in addressing 

locations uncertainty and achieving high task coverage with a low cost. Besides, Lee et 

al. [52] came up with a framework that minimizes an expected cost comprised of 

earliness and tardiness penalties, fuel consumption and carbon emissions while 

maximizes expected revenue based on distances traveled.  The framework was modeled 

as a Markov decision process with a dynamic arrival of parcel delivery requests and a 

real-time integrated dynamic algorithm was developed for route scheduling afterward. 

Similar to our work, the authors assumed that the arrived requests can be either accepted 

or rejected based on expected cost, revenue and vehicle load capacity.  Unlike our work, 

the algorithm dynamically establishes and updates routing sequence based on existing 
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and continuously arriving requests during the vehicle operation in a real-time manner. 

Another work similar to our context is in [53] in which the authors proposed a rolling 

horizon framework and developed an exact solution approach for a peer-to peer 

platform that automatically creates matches between parcels and ad-hoc drivers. The 

platform also includes a set of backup vehicles to deliver the requests that cannot be 

served by ad-hoc drivers. The developed framework assigns tasks to ad-hoc drivers and 

backup vehicles and determines the associated delivery routes with the objective of 

minimizing the sum of the amount paid to ad-hoc drivers and the routing cost of 

dedicated vehicles. The amount paid to ad-hoc drivers is composed of a fixed fee for 

each task and a per-mile fee for distance travelled. The cost of using the dedicated 

backup vehicle depends on the distance travelled. In contrast to our study, the authors 

considered a problem setting in which tasks and drivers dynamically arrive over time 

whereas we consider a static problem in which all tasks are known in advance. Similar 

to our problem, the authors consider a setting in which parcels need to be delivered 

within a certain time window. The problem was solved in two stages with the first one 

being tasks assignment and the second one being vehicles routing. In our study, we 

combine tasks assignment and drivers routing in a single stage as separating assignment 

from routing may not yield the optimal solution to the problem.  

 Additionally, Chen et al. [54] proposed an ILP formulation to solve a multi-

driver multi-parcel matching problem which incorporates drivers’ maximum detour, 

their capacity, and the option of transferring parcels between drivers. The problem 

considers multiple hops and hence drivers and parcels can be matched without the 

requirement of sharing a similar or close destination as a parcel can move towards its 

destination one hop at a time. A driver with a completely different destination can still 

take the parcel to an intersection where it could be transferred to other vehicle that 

travels to the destination. The authors’ objective is to determine the optimum matching 

between drivers and parcels, the optimum path of each driver and each parcel and the 

time schedule for drivers and parcels. The authors assumed an offline setting in which 

all drivers and delivery requests are known in advance before assignment. Two 

heuristics; the time compatibility heuristic and the time-expanded graph heuristic, have 

been developed for solving non-trivial problem instances. Results showed that an 

increasing number of drivers is beneficial for the company and socially desirable due 
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to reduction in traffic congestion and CO2 emissions. Relying on the same concept of 

ride sharing, some studies such as [8] and [55] explored the benefits of people and 

freight integrated transportation systems in which people and parcels are handled in an 

integrated way by the same taxi network. Chen et al.  [8] illustrated through a 

methodological research that the problem is usually handled in two stages with the first 

being an offline taxi trajectory mining and the second being an online package routing 

and taxi scheduling. Furthermore, the authors acknowledged that the proposed solution 

utilizes occupied taxis while sending passengers and hence it’s a green, economic and 

eco-friendly solution. Another interesting and innovative use of crowdsourcing can be 

seen in [56]. Pan et al. [56] proposed a sustainable solution to the e-commerce returns 

collection problem with this being the first qualitative and quantitative study of the 

concept. The authors developed an optimization-based simulation model that uses taxis 

to collect and deliver e-commerce returns from consumers back to retailers.  

 To cut it to the chase, the idea of using crowdsourcing in last mile delivery has 

been studied by a considerable number of researchers. However, to the best of our 

knowledge, the number of researchers who addressed it as a real-world optimization 

problem is scarce thus this problem is still considered as a relatively new trend. 

2.3. Vehicle Routing Problem  

Vehicle Routing Problem (VRP) has been a fruitful and vigorous area of 

research for decades and it has attracted the attention of large number of researchers 

who studied different variants of the problem. One of the most widely studied variants 

is the Capacitated Vehicle Routing Problem (CVRP) in which vehicles are identical 

and have a specific capacity. Several studies [25, 57-63] developed different heuristics 

under different conditions to design the least cost routing for vehicles starting and 

ending at the same depot. Of those researchers, Leggieri et al. [58] developed a mixed-

integer linear programming formulations and a novel matheuristic to minimize the total 

transportation cost for the Asymmetric CVRP in which the cost matrix is asymmetric. 

Besides, [59-61] investigated the Cumulative CVRP in which the objective is to 

minimize the sum of arrival times at customers rather than total routing cost or distance.  

The authors concluded that this problem constitutes a good way to model situations 

where arrival time at customers is very important such as after natural disasters. 
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Moreover, Lei et al. [62] and Eufinger et al.  [63] incorporated some uncertainty in their 

studies; the former authors developed a neighborhood search heuristic to solve the 

problem with stochastic demands while the latter authors came up with a robust 

approach that takes travel times uncertainty into account. Results confirmed the 

superiority of the proposed heuristics over an alternative solution approaches. Another 

similar variation to the CVRP is the Vehicle Routing Problem with Time windows 

(VRPTW) which imposes restrictions on the service time. VRPTM is based on the fact 

that customers usually expect their orders within a specified time slot and hence time 

windows identify earliest and latest times in which a vehicle can arrive at the customer 

to service. Studies in [64-67] presented memetic algorithm, Ant Colony Optimization, 

exact algorithms and Particle Swarm Optimization respectively to address this problem. 

In addition to them, Agra et al. [68] believe that delivery delays are frequent and should 

be accounted for and hence they developed an integer programming model that gives a 

robust feasible solution when travel times are not known with precision. Belhaiza et al. 

[69] considered the problem with multiple time windows when customers are offered 

several choices of delivery periods and a new hybrid variable neighborhood-tabu search 

heuristic was used to solve the problem.  

The third category that has been studied in [70-74] is the Vehicle Routing 

Problem with Multiple Trips (VRPMT) wherein vehicles can perform multiple routes 

and can be used more than once during the working period. Authors developed different 

algorithms, heuristics and metaheuristics to find vehicles’ routes and schedules that 

minimize the total length of the trip. Of these studies, [71, 73, 74] added time 

restrictions to the problem and assumed that each fixed-size vehicle can serve each 

customer within a specific time frame and it is not allowed to serve before or after this 

frame. Since some customers may not be served due to this time restrictions, these 

studies aim to minimize the number of unvisited customers as well as the total distance 

travelled. Wang et al. [73] concluded that incorporating time windows in VRPMT 

makes it very challenging problem since some of the visible routes may tend to be 

invisible due to the violation or overlap of customers’ time windows. On the other side, 

some researchers [75-82] studied the Vehicle Routing Problem with Pickup and 

Delivery (VRPPD) in which vehicles not only deliver goods from central depot to 
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customers but also pick up some goods from them back to the depot. [75-79, 82] 

Highlighted the problem of simultaneous pickup and delivery where customers have a 

delivery and pickup demand which should be satisfied simultaneously by the same 

vehicle. Further, Polat et al. [76] added some time limits for the delivery and pickup 

process and assumed that each vehicle has a maximum service time for the client and a 

maximum total travel and service time before returning to the central depot. Similarly 

[77, 78] and [80] considered time windows and assumed that goods should be delivered 

and picked up within specific pre-defined time window. Above and beyond, Li et al. 

[82] extended the problem to include multi-depots and developed an Iterated local 

search adaptive neighborhood selection approach to solve multi-depots VRPPD. The 

authors concluded that considering joint distribution of multiple depots instead of a 

single depot results in more savings of cost. 

Ant Colony Optimization, Genetic Algorithm along with other heuristics have 

been developed in [26, 83-86] to study the Open Vehicle Routing Problem (OVRP). In 

OVRP, vehicles are not required to return to their starting depot after delivering goods, 

and if they did, they must go through the same route in a reverse order. Sedighpour et 

al. [26] illustrated that the objective in OVRPs is usually to find the minimum number 

of vehicles required to serve customers as well as the least cost routings. Cao et al. [84] 

introduced a robust optimization model to solve OVRP when customers’ demand is not 

known with certainty and belongs to specific uncertainty set. The authors assumed 

several scenarios to model uncertainty and developed an improved differential 

evolution algorithm to find a robust solution that is immune to data variations. 

Furthermore, Liu et al. [85] and Lalla-Ruiz et al. [86] extended the problem to multi-

depots OVRP in which vehicles start from numerous depots. The former authors 

proposed a hybrid genetic algorithm to minimize the total travel cost and the latter 

authors enhanced the model suggested in [85] by changing sub-tour elimination 

constrains and adding some new constraints.  

Finally, a widely studied problem that falls under VRP is the Travelling 

Salesman Problem (TSP) which is concerned with finding the best possible way for a 

salesman to visit several cities and return to his starting point with minimum distance 

and/or cost. Lots of studies highlighted this problem and some of them, to name a few, 
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can be seen in [87-96]. TSP has been studied with many variations; for instance, [90] 

added time windows within which customers must be visited and [91] considered time-

dependent service time. Taş et al. [91] believe that in practice service times depends on 

several factors during the day such as the availability of parking in customers’ area. 

Thus, the authors developed a mathematical model to minimize the total route duration 

“total travel time + total service time” and the model was then solved using CPLEX. 

One extension of this TSP is the multiple travelling salesman problem (mTSP) which 

includes several salesmen and each salesman travels to a unique set of cities before 

returning back to his starting point. Arya et al. [92] and Hosseinabadi et al. [93] 

developed a modified genetic algorithm and a hybrid metaheuristic algorithm 

respectively to find the least distance needed for each salesman to visit each city only 

once before returning to the starting place. Another extension is the multi-depot 

multiple traveling salesmen problems (MmTSP) in which more than one salesman 

depart from several starting cities and return to their starting city at the end. Ghafurian 

et al. [94] proposed an ant colony algorithm for MmTSP to find the routes for all 

salesmen to visit their customers while minimizing the total routes cost. Based on our 

research, and to the best of our knowledge, mTSP and MmTSP haven’t received much 

attention despite their relevance to real-world problems. Last but not lastly, some 

researchers such as Bao et al.  [95] and Ahmed et al. [96] studied the clustered travelling 

salesman problem (CTSP) in which points or cities, except the starting point, are 

divided into clusters. Different algorithms with different constraints have been 

proposed for solving CTSP; for instance, Bao et al. [95] proposed an approximation 

algorithm. The objective is to find the shortest or the minimum cost tour so that all cities 

are visited, cities of each cluster are visited consecutively and clusters are visited in a 

pre-specified order. In their study, the authors assumed that there is no specific starting 

and ending points for each cluster.  

In conclusion, with the VRP being widely studied in the field of operations 

research, the literature in this problem and its variants is so vast with dozens of articles 

appear each year and we can’t pretend to be comprehensive. A state of the art 

classification and review on the vehicle routing problem and its variants can be seen in 

[24]. 
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 Based on the conducted research, LMD problem in general and the use of 

crowdsouring in particular have been widely studied from management point of view. 

The majority of the research highlited the unattended deliveries and researchers 

introduced different ideas that consider delivering to an alternative collection points 

rather than directly to homes. The use of alternative pick up points proved its 

soundndess in minimzing the number of failed deliveries. However, to the best of our 

knowledge, the majority of  solutions require that the customer has to do the last mile 

of the journey which is not a convenient alternative. Moreover, those who considred 

crowd delivery from pickup points to customers’ doorsteps didn’t take into 

consideration neither the absnece of recepients  nor what crowd workers can do for the 

missed delivery. From this, we see an opportunity to fill the gap and examine the 

proposed solution that cosniders both the dellivery from parcel lockers to consumers’ 

homes and the availability of the parcel recepients. In addition, to the best of our 

knowledge, none of the researchers modelled the problem in a way that combines 

requests’ assignement and drivers’ routing in the same model. Seperating the 

assignement part from the routing part may not give the optimum solution as routing 

the drivers , considering their current locations and destinations, may require differnet 

assignments. Above and beyond, up to our knowledge, modelling the problem by using 

a single distance matrix that considers all problem elements as nodes is not presented 

in the literature.  
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Chapter 3. Methodology 

This work aims to solve a last mile delivery problem using a pool of crowd-

workers. This chapter describes the model environment and presents the two 

optimization models developed. The proposed models are validated using Lingo™ 

Solver that finds the exact solutions. 

3.1. Modelling Environment 

The problem environment consists of drivers, parcel lockers and customers. The 

drivers are crowd-workers who are willing to deliver some requests on their way. Parcel 

lockers are the collection points that contain the requests to be picked up and delivered. 

The customers are the entities that have requests in the parcel lockers to be delivered 

by the drivers.  

3.1.1.  Drivers.  The environment is made of D drivers 𝑫 = {𝑫𝟏, 𝑫𝟐, … , 𝑫𝑫} 

where 𝑫𝒊 = {𝒄𝒂𝒑𝒊, 𝑻𝒊,𝒅, 𝑻𝒊,𝒖, 𝑻𝒊,𝒎𝒂𝒙}, and 

  𝑖 = 1,2, … , 𝐷. 

  𝑐𝑎𝑝𝑖: Maximum number of tasks can be delivered by driver 𝑖.  

𝑇𝑖,𝑑: Total delivery time for driver 𝑖. 

𝑇𝑖,𝑢: Time taken by driver 𝑖 to travel one distance unit. 

𝑇𝑖,𝑚𝑎𝑥: Maximum availability time of driver 𝑖. 

 3.1.2.  Lockers. The set of parcel lockers from which requests are picked up 

and delivered can be presented as a set of L lockers 𝐿 = {𝐿1, 𝐿2, … , 𝐿𝐿}. 

 3.1.3.  Customers. The requests from customers can be represented as a set of 

C requests 𝐶 = {𝐶1, 𝐶2, … , 𝐶𝐶} where each request can have different characteristics 

presented as 𝐶𝑗 = {𝑙𝑗, 𝑇𝑗,𝑎, 𝑇𝑗,𝑏 , 𝑇𝑗,𝑒}, and  

  𝑗 = 1,2, … , 𝐶. 

  𝑙𝑗: Locker that contains the request belongs to customer 𝑗. 

𝑇𝑗,𝑎: Arrival time at customer 𝑗. 
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𝑇𝑗,𝑏: Beginning of delivery time window of customer 𝑗. 

𝑇𝑗,𝑒: Ending of delivery time window of customer 𝑗. 

 3.1.4.  Modelling Environment Setting. The modelled last mile delivery 

problem using a pool of crowd-workers is based on the following limiting assumptions 

to reduce the problem complexity: 

- The total available capacity is always greater than the total number of requests to be 

delivered. 

- The total availability time for all drivers is enough. 

- There are no missed deliveries and no return since delivery will be within customers’ 

specified delivery time windows and requests will be delivered only after the customer 

places a delivery request.  

- Each customer has requests located in only one locker. 

- Each driver can pick requests from multiple lockers. 

- All drivers and requests are known in advance before assignment; there is no dynamic 

arrival of drivers and requests. 

- Fixed cost, that is the delivery fee rewarded for the driver when assigned, is the same 

for all drivers. 

- Variable cost, that is the delivery fee rewarded for the driver per unit of distance 

travelled, is the same for all drivers. 

- Service time at customer locations and pickup times at lockers are not considered 

 As shown in figure 1.4, customers place a delivery request whenever they are 

available. These requests are available in one of the parcel lockers based on their final 

destination. At every interval, the requests ready for delivery and their delivery time 

window are known. The model assigns these requests to the available drivers based on 

their available capacity and total delivery time. It then routes the drivers to deliver the 

assigned requests in a way that minimizes the sum of the total fixed cost of using drivers 

and the total variable costs of distance travelled.   
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3.2.  Optimization Models Formulation  

The way the problem was modelled is that we built an N x N matrix with the 

first D nodes being drivers’ current locations, the second L nodes being lockers’ nodes, 

the third C nodes being customers’ nodes and the last D nodes being drivers’ 

destinations. Thus, each driver starts from his “D” node, go to one or more “L” node, 

go to one or more “C” nodes and other “L” nodes and finally go to his destination node. 

Then the mathematical model is developed to minimize the total delivery cost. Figure 

3.1 shows how the developed distance matrix looks like.  

 

Figure 3.1: Distance Matrix 

The problem is formulated in two different ways; in the first model drivers’ 

movement is enforced or eliminated with the distance matrix by assigning a very high 

distance (M) between nodes that should not be connected and a normal distance 

between other nodes and hence this eliminate the need of adding some constraints. In 

the second model, the distance matrix is normal and movements are forced or 

eliminated with several constraints. Both models give the same value of the objective 

function with a difference in Lingo elapsed time. 
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Table 3.1 illustrates the notations used in the formulation of the two proposed 

models 

Table 3.1: Proposed Models Notations 

Notation Description 

𝐹𝐶𝑖 

𝑉𝐶 

Fixed cost awarded to driver 𝑖 if used for a delivery. 

Variable cost per unit of distance travelled by a driver. 

𝑦𝑖  

𝑥𝑖𝑗𝑘  

Decision variable. Is 1 if driver 𝑖 is used and is 0 otherwise. 

Decision variable. Is 1 if driver 𝑖 goes from node 𝑗 to node 𝑘 and is 0 otherwise. 

𝑑𝑗𝑘 Distance between each pair of nodes 𝑗 and 𝑘. 

𝑀 

𝑐𝑎𝑝𝑖  

𝑇𝑖,𝑑 

𝑇𝑖,𝑢 

𝑇𝑖,𝑚𝑎𝑥  

A very large number. 

Maximum number of tasks can be delivered by driver 𝑖. 

Total delivery time for driver 𝑖. 

Time it takes driver 𝑖 to travel one distance unit. 

Maximum availability time of driver 𝑖. 

𝑈(𝑗) 

𝑈(𝑘) 

Number of nodes visited from driver location to node 𝑗. 

Number of nodes visited from driver location to node 𝑘. 

𝑙𝑗 

𝑙𝑘 

𝑇𝑗,𝑎 

𝑇𝑘,𝑎 

𝑇𝑘,𝑏 

𝑇𝑘,𝑒 

Locker that contains the request belongs to customer 𝑗. 

Locker that contains the request belongs to customer 𝑘. 

Arrival time at customer 𝑗. 

Arrival time at customer 𝑘. 

Beginning of delivery time window of customer 𝑘. 

Ending of delivery time window of customer 𝑘. 

 

Given these notations, the proposed formulations are as follows: 
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3.2.1.  Model I Formulation  

Figure 3.2: Proposed ILP Model I 

  

 𝑚𝑖𝑛 𝑇𝐶𝑂𝑆𝑇 = σ 𝐹𝐶𝑖 ∗ 𝑦𝑖𝑖 + σ σ σ 𝑉𝐶 ∗ 𝑑𝑗𝑘 ∗ 𝑥𝑖𝑗𝑘𝑘𝑗𝑖     (1) 

s.t. 

σ 𝑦𝑖 ≤ 𝐷𝑖     ∀𝑖      (1.1) 

σ σ 𝑥𝑖𝑘𝑗𝑘𝑖 ≤ 𝐷   ∀𝑗 > 𝐷 𝑎𝑛𝑑 ≤ (𝐷 + 𝐿)    (1.2) 

σ σ 𝑥𝑖𝑗𝑘𝑘𝑖 = σ σ 𝑥𝑖𝑘𝑗𝑘𝑖   ∀𝑗 > 𝐷 𝑎𝑛𝑑 ≤ (𝐷 + 𝐿)    (1.3) 

σ σ 𝑥𝑖𝑗𝑘 ≤ 𝑀 𝑦𝑖 𝑘𝑗                    ∀𝑖      (1.4) 

σ σ 𝑥𝑖𝑗𝑘 ≤  𝑐𝑎𝑝𝑖 𝑘𝑗     ∀𝑖 , 𝑘 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷)   (1.5) 

σ σ 𝑥𝑖𝑗𝑘𝑗𝑖 = 1    ∀𝑘 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷)   (1.6) 

σ 𝑥𝑖𝑖𝑘 = 𝑦𝑖        𝑘>𝐷   ∀𝑖      (1.7) 

𝑥𝑖𝑗𝑘 ≤ 𝑥𝑖𝑖𝑙𝑘 + σ 𝑥𝑖𝑗𝑙𝑘𝑗   ∀𝑖, ∀𝑙, ∀𝑗 𝑎𝑛𝑑 𝑘 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷) , 𝑙𝐽 ≠ 𝑙𝑘  (1.8) 

σ 𝑥𝑖𝑗𝑘 ≤  1                                 𝑗 ∀𝑖, ∀𝑘 > 𝐷 𝑎𝑛𝑑 ≤ (𝐷 + 𝐿)   (1.9) 

σ 𝑥𝑖𝑗𝑘𝑗 = σ 𝑥𝑖𝑘𝑗  𝑗   ∀𝑘 , ∀𝑖       (1.10) 

𝑥𝑖𝑗𝑗 = 0     ∀𝑖, ∀𝑗         (1.11) 

𝑥𝑖𝑗𝑘 + 𝑥𝑖𝑘𝑗 ≤  1   ∀𝑖, ∀𝑗 , ∀𝑘     (1.12) 

𝑈(𝑗) − 𝑈(𝐾) + 𝑁 ∗ 𝑥𝑖𝑗𝑘 + (𝑁 − 2) ∗ 𝑥𝑖𝑘𝑗  ≤ 𝑁 − 1    ∀ 𝑖, ∀𝑗 > 𝐷, ∀ 𝑘 > 𝐷, 𝑘 ≠ 𝑗 (1.13) 

𝑥𝑖𝑗𝑘 = 0   ∀𝑖, ∀𝑗 ≤ 𝐷 , ∀𝑘 ≤ 𝐷 𝑂𝑅 ≥ (𝐷 + 𝐿)    (1.14) 

𝑥𝑖𝑗𝑘 = 0  ∀𝑖, ∀𝑗 > 𝐷 𝑎𝑛𝑑 ≤ (𝐷 + 𝐿), ∀𝑘 ≤ 𝐷 𝑂𝑅 > (𝑁 − 𝐷)   (1.15) 

𝑥𝑖𝑗𝑘 = 0   ∀𝑖, ∀𝑗 > 𝐷 𝑎𝑛𝑑 ≤ (𝐷 + 𝐿), ∀𝑘 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷), 𝑙𝑘 ≠ 𝑗   (1.16) 

𝑥𝑖𝑗𝑘 = 0   ∀𝑖, ∀𝑗 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷), ∀𝑘 ≤ 𝐷     (1.17) 

𝑥𝑖𝑗𝑘 = 0   ∀𝑖, ∀𝑗 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷), ∀𝑘 > 𝐷 𝑎𝑛𝑑 ≤ (𝐷 + 𝐿), 𝑙𝑗 ≠ 𝑘    (1.18) 

𝑥𝑖𝑗𝑘 = 0   ∀𝑖, ∀𝑗 > (𝑁 − 𝐷), ∀𝑘 ≠ 𝑖        (1.19) 

𝑇𝑖,𝑑 = σ σ 𝑑𝑗𝑘 ∗ 𝑇𝑖,𝑢 ∗ 𝑥𝑖𝑗𝑘𝑘𝑗        ∀𝑖    (1.20) 

𝑇𝑖,𝑑 ≤ 𝑇𝑖,𝑚𝑎𝑥         ∀𝑖    (1.21) 

𝑇𝑘,𝑎 ≥ 𝑇𝑗,𝑎 + (𝑑𝑗𝑘 ∗ 𝑇𝑖,𝑢) − ൫1 − 𝑥𝑖𝑗𝑘൯ ∗ 𝑀   ∀𝑖, ∀𝑗, ∀𝑘 > 𝐷   (1.22) 

𝑇𝑘,𝑎 ≥ 𝑇𝑘,𝑏                   ∀𝑘 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷) (1.23) 

𝑇𝑘,𝑎 ≤ 𝑇𝑘,𝑒                 ∀𝑘 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷) (1.24) 

𝑥𝑖𝑗𝑘  ∈  {0,1}, 𝑖 = 1, … 𝐷 , 𝑗 = 1, … 𝑁 , 𝑘 = 1, … 𝑁     (1.25) 

𝑦𝑖     ∈  {0,1}, 𝑖 = 1, … 𝐷       (1.26) 
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The objective function 1 focuses on minimizing the total delivery cost (TCOST) 

which is comprised of a total fixed cost that is considered as the sum of all fixed charges 

awarded to each driver if the driver is assigned for delivery and a total variable cost 

which is calculated as the sum of the total distance travelled by all drivers multiplied 

by the variable cost per one unit of distance travelled.  

The proposed model is subject to the following constraints: 

Constraints 1.1 and 1.2 are to assure that the total assignment and the total 

number of drivers entering the lockers for pickup is no more than the total number of 

drivers available for delivery. Constraint 1.3 guarantees that when a driver enters a 

locker he leaves that locker.  

Constraints 1.4 and 1.5 are to limit drivers’ delivery assignment to the maximum 

number of tasks they are willing to deliver. From the way we are modelling the problem, 

𝑥𝑖𝑗𝑘 will equal to 1 whenever a driver enters or leaves any node. However, only entrance 

to customers nodes affects the assignment capacity and hence in the constraint 1.5, 

nodes 𝑘 are restricted to customers nodes only.  

Constraint 1.6 is to ensure that each customer is visited exactly once whereas 

constraint 1.7 forces the selected drivers to start their trips from their current locations. 

For each customer request, the request cannot be delivered unless it is picked 

up from the locker that contains it. By assigning a very large distance “M” between 

drivers’ locations and any customer node and a normal distance between drivers’ 

locations and any locker node, the solution will force any driver to go to the locker first. 

The movement between two different customers whose requests are in the same locker 

has no restrictions since the driver has already passed through the locker. However, the 

movement between two customers whose requests are not satisfied from the same 

locker is managed with constraint 1.8. In this constraint, 𝑗 and 𝑘 are customers’ nodes 

with the locker of  𝑗 being different from the locker of 𝑘; hence, driver 𝑖 cannot go from 

customer 𝑗 to customer 𝑘 unless he visited the locker of 𝑘 at some point. 



51 

 

 

Constraint 1.9 restricts drivers to go to the same locker only once to pick all 

requests once. 

Constraints 1.10 to 1.13 are for flow conservation and route continuity, 

preventing drivers from going to the same node, preventing drivers from going to only 

one node and the well-known Subtour Elimination Constraints (SEC) respectively. To 

account for our open path case, the distance from drivers’ destinations back to their 

current locations is assigned as zero in the distance matrix so it doesn’t affect the value 

of the objective function.  

Constraints 1.14 to 1.19 are used to generate cuts in the optimization model. As 

each pair of nodes with a very large distance “M” should not be connected, we can set 

the values of 𝑥𝑖𝑗𝑘 for these nodes to zero so that the model excludes these decision 

variables which reduces the time needed to return the optimum solution. 

Constraints 1.20 to 1.24 are the time window constraints. The first two 

constrains assure that the total delivery time for each driver is less than the total 

available delivery time. Constraint 1.23 dictates that if customer 𝑘 is visited directly 

after customer 𝑗  then the arrival time at 𝑘 is at least the arrival time at 𝑗 plus the time 

needed to travel from 𝑗 to 𝑘. The service time at customers’ nodes and the pickup time 

at lockers’ nodes are not taken into consideration. The last two constraints bound the 

delivery to customers to be no earlier than the beginning and no later than the ending 

of the time window.   

Constraints 1.25 and 1.26 are the simple binary constraints. 

 3.2.1.1. Distance Matrix. The way the distance matrix was built in this model 

can be explained as follows:  

3.2.1.1.1. Drivers’ Locations Nodes: For each one of the first  𝐷 nodes 

there is:  

- A very high distance “M” to any other driver’s location node as there is no need 

to pass through these nodes. 

- A normal distance to any locker node. 
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- A very high distance “M” to customers nodes and drivers’ destinations nodes to 

force each driver go to lockers first.  

3.2.1.1.2. Lockers Nodes: For each one of the second 𝐿 nodes there is: 

- A very high distance to drivers’ locations nodes as drivers should not go back 

to their starting location after visiting the lockers. 

- A normal distance to any other locker node. 

- A normal distance to customers nodes whose demand should be satisfied from 

the specific locker. 

-  A very high distance “M” to customers nodes whose demand is not satisfied 

from the specific locker as these are considered unnecessary trips. 

- A very high distance to drivers’ destinations nodes to prevent drivers from going 

directly to their destination without delivering the picked requests.  

3.2.1.1.3. Customers Nodes. For each one of the third  𝐶 nodes there is:  

- A very high distance “M” to drivers’ locations nodes as drivers should not go 

back to their starting location. 

- A very high distance “M” to the corresponding locker node as drivers should 

not go back to an already visited locker. 

- A normal distance to non-corresponding lockers nodes as drivers can go to other 

lockers to pick more requests. 

- A normal distance to drivers’ destinations nodes. 

3.2.1.1.4. Drivers’ Destinations Nodes. For each one of the last  𝐷 nodes 

 there is: 

- A zero distance to the corresponding driver starting point to account for the open 

path in modelling. 

- A very high distance to any other node as the last node in the tour should be the 

driver destination.  

Figure 3.3 illustrates the distance matrix for ILP model I. 
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Figure 3.3: Model I Distance Matrix 

Figure 3.3 is built with the assumption that the first 2 requests are fulfilled from 

the first locker and the second 2 requests are fulfilled from the second locker. Also, we 

assume that there are 3 available drivers to deliver and 2 lockers containing the 10 

requests.   
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3.2.2.  Model II Formulation 

 

Figure 3.4: Proposed ILP Model II 

 𝑚𝑖𝑛 TCOST =  σ 𝐹𝐶𝑖 ∗ 𝑦𝑖𝑖 + σ σ σ 𝑉𝐶 ∗ 𝑑𝑗𝑘 ∗ 𝑥𝑖𝑗𝑘𝑘𝑗𝑖     (2) 

s.t. 

σ 𝑦𝑖 ≤ 𝐷𝑖     ∀𝑖      (2.1) 

σ σ 𝑥𝑖𝑘𝑗𝑘𝑖 ≤ 𝐷   ∀𝑗 , 𝑗 > 𝐷 𝑎𝑛𝑑 𝑗 ≤ (𝐷 + 𝐿)   (2.2) 

σ σ 𝑥𝑖𝑗𝑘𝑘𝑖 = σ σ 𝑥𝑖𝑘𝑗𝑘𝑖   ∀𝑗 , 𝑗 > 𝐷 𝑎𝑛𝑑 𝑗 ≤ (𝐷 + 𝐿)   (2.3) 

σ σ 𝑥𝑖𝑗𝑘 ≤ 𝑀 𝑦𝑖 𝑘𝑗                    ∀𝑖      (2.4) 

σ σ 𝑥𝑖𝑗𝑘 ≤  𝑐𝑎𝑝𝑖 𝑘𝑗     ∀𝑖 , 𝑘 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷)   (2.5) 

σ σ 𝑥𝑖𝑗𝑘𝑗𝑖 = 1    ∀𝑘 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷)   (2.6) 

σ 𝑥𝑖𝑖𝑘 = 𝑦𝑖       𝑘   ∀𝑖 , 𝑘 > 𝐷 𝑎𝑛𝑑 ≤ (𝐷 + 𝐿)    (2.7) 

σ 𝑥𝑖𝑘𝑗 = 0  𝑘     ∀𝑖, ∀𝑗 ≤ 𝐷 𝑎𝑛𝑑 ≠ 𝑖    (2.8) 

σ 𝑥𝑖𝑗𝑘 = 0  𝑘     ∀𝑖, ∀𝑗 ≤ 𝐷 𝑎𝑛𝑑 ≠ 𝑖    (2.9) 

σ 𝑥𝑖𝑗𝑘 = 𝑦𝑖  𝑗               ∀𝑖,   ∀𝑘 = 𝑑𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛(𝑖)    (2.10) 

𝑥𝑖𝑘𝑖 = σ 𝑥𝑖𝑗𝑘 𝑗   ∀𝑖,   ∀𝑘 = 𝑑𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛(𝑖)    (2.11) 

𝑥𝑖𝑘𝑗 =  0   ∀𝑖,   ∀𝑘 = 𝑑𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛(𝑖), 𝑗 ≠ 𝑖    (2.12) 

σ 𝑥𝑖𝑗𝑘 = 0  𝑗               ∀𝑖,   ∀𝑘 > (𝑁 − 𝐷) 𝑎𝑛𝑑 ≠ 𝑑𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛(𝑖)  (2.13) 

𝑥𝑖𝑖𝑘 + σ 𝑥𝑖𝑗𝑘𝑗    ≤ 𝑥𝑖𝑖𝑙𝑘 + σ 𝑥𝑖𝑗𝑙𝑘𝑗   ∀𝑖, ∀𝑙, ∀𝐾 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷) (2.14) 

𝑥𝑖𝑗𝑘 ≤ 𝑥𝑖𝑖𝑙𝑘 + σ 𝑥𝑖𝑗𝑙𝑘𝑗   ∀𝑖, ∀𝑙, ∀𝑗 𝑎𝑛𝑑 𝑘 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷) , 𝑙𝐽 ≠ 𝑙𝑘  (2.15) 

𝑥𝑖𝑙𝑘  = 0                  ∀𝑖, ∀𝑙, ∀𝐾 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷) , 𝑙 ≠ 𝑙𝑘 (2.16) 

σ 𝑥𝑖𝑗𝑘 = 1                                 𝑗 ∀𝑖, ∀𝑘 > 𝐷 𝑎𝑛𝑑 ≤ (𝐷 + 𝐿)   (2.17) 

σ 𝑥𝑖𝑗𝑘𝑗 = σ 𝑥𝑖𝑘𝑗  𝑗   ∀𝑘 , ∀𝑖       (2.18) 

𝑥𝑖𝑗𝑗 = 0     ∀𝑖, ∀𝑗         (2.19) 

𝑥𝑖𝑗𝑘 + 𝑥𝑖𝑘𝑗 ≤  1   ∀𝑖, ∀𝑗 , ∀𝑘     (2.20) 

𝑈(𝑗) − 𝑈(𝐾) + 𝑁 ∗ 𝑥𝑖𝑗𝑘 + (𝑁 − 2) ∗ 𝑥𝑖𝑘𝑗  ≤ 𝑁 − 1    ∀ 𝑖, ∀𝑗 > 𝐷, ∀ 𝑘 > 𝐷, 𝑘 ≠ 𝑗 (2.21) 

𝑇𝑖,𝑑 = σ σ 𝑑𝑗𝑘 ∗ 𝑇𝑖,𝑢 ∗ 𝑥𝑖𝑗𝑘𝑘𝑗        ∀𝑖    (2.22) 

𝑇𝑖,𝑑 ≤ 𝑇𝑖,𝑚𝑎𝑥         ∀𝑖    (2.23) 

𝑇𝑘,𝑎 ≥ 𝑇𝑗,𝑎 + (𝑑𝑗𝑘 ∗ 𝑇𝑖,𝑢) − ൫1 − 𝑥𝑖𝑗𝑘൯ ∗ 𝑀   ∀𝑖, ∀𝑗, ∀𝑘 > 𝐷   (2.24) 

𝑇𝑘,𝑎 ≥ 𝑇𝑘,𝑏                   ∀𝑘 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷) (2.25) 

𝑇𝑘,𝑎 ≤ 𝑇𝑘,𝑒                 ∀𝑘 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷) (2.26) 

𝑥𝑖𝑗𝑘  ∈  {0,1}, 𝑖 = 1, … 𝐷 , 𝑗 = 1, … 𝑁 , 𝑘 = 1, … 𝑁     (2.27) 

𝑦𝑖     ∈  {0,1}, 𝑖 = 1, … 𝐷       (2.28) 
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The objective function 2 minimizes the total delivery cost (TCOST) to deliver 

all requests using the available drivers. It consists of a total fixed cost that is considered 

as the sum of all fixed charges awarded to each driver if the driver is assigned for 

delivery and a total variable cost which is calculated as the sum of the total distance 

travelled by all drivers multiplied by the variable cost per one unit of distance travelled.  

The proposed model is subject to the following constraints: 

Constraints 2.1 and 2.2 are to assure that the total assignment and the total 

number of drivers entering the lockers for pickup is no more than the total number of 

drivers available for delivery. Constraint 2.3 guarantees that when a driver enters a 

locker he leaves that locker.  

Constraints 2.4 and 2.5 are to limit drivers’ delivery assignment to the maximum 

number of tasks they are willing to deliver. From the way we are modelling the problem, 

𝑥𝑖𝑗𝑘 will equal to 1 whenever a driver enters or leaves any node. However, only entrance 

to customers nodes affects the assignment capacity and hence in the constraint 2.5, 

nodes 𝑘 are restricted to customers nodes only.  

Constraint 2.6 is to ensure that each customer is visited exactly once. 

Constraints 2.7 to 2.9 are to force the selected drivers to start their trips from 

their current locations. The first constraint assures that whenever a driver is selected it 

starts the route from the corresponding “D” node whereas the last two constraints 

eliminate the other non-corresponding “D” nodes from driver’s route.  

Constraints 2.10 to 2.12 force the selected drivers to end at their destinations. 

Similarly, constraint 2.13 eliminates other destinations from driver’s route.  

For each customer request, the request cannot be delivered unless it is picked 

up from the locker that contains it. This condition is forced through constraints 2.14 to 

2.16. Constraint 2.14 ensures that a driver cannot go to customer node 𝑘  either directly 

or through any other node unless he visit the locker that contains request 𝑘 first. The 

movement between two different customers whose requests are in the same locker has 

no restrictions since the driver has already picked up the request. However, the 

movement between two customers whose requests are not satisfied from the same 
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locker is managed with constraint 2.15. In this constraint, 𝑗 and 𝑘 are customers’ nodes 

with the locker of  𝑗 being different from the locker of 𝑘; hence, driver 𝑖 cannot go from 

customer 𝑗 to customer 𝑘 unless he visits the locker of 𝑘 at some point before. Similarly, 

constraint 2.16 prevents drivers from going from a locker node to any customer node 

whose request is not fulfilled from the visited locker as this is considered as an 

unnecessary trip.  

Constraint 2.17 restricts drivers to enter the same locker only once. 

Constraints 2.18 to 2.21 are for flow conservation and route continuity, 

preventing drivers from going to the same node, preventing drivers from going to only 

one node and the well-known Subtour Elimination Constraints (SEC) respectively. To 

account for our open path case, the distance from drivers’ destinations back to their 

current locations is assigned as zero in the distance matrix so it doesn’t affect the value 

of the objective function.  

Constraints 2.22 to 2.26 are the time window constraints. The first two 

constrains assure that the total delivery time for each driver is less than the total 

available delivery time. Constraint 2.24 dictates that if customer 𝑘 is visited directly 

after customer 𝑗  then the arrival time at 𝑘 is at least the arrival time at 𝑗 plus the time 

needed to travel from 𝑗 to 𝑘. The service time at customers’ nodes and the pickup time 

at lockers’ nodes are not taken into consideration. The last two constraints bound the 

delivery to customers to be no earlier than the beginning and no later than the ending 

of the time window.   

Constraints 2.27 and 2.28 are the binary constraints. 

This model has a symmetric distance matrix with normal distances between 

each pair of nodes.  

3.3. Proposed Models Lingo™ Experimentation 

The proposed models have been validated using Lingo 16.0 which gives the 

exact solution that contains the optimum value of the objective function along with the 

values of the decision variables. To ensure that the models are valid for any instance 

and all the constraints are always satisfied, several experiments were conducted with 
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different data sets from the online TSP library “TSPLIB”.  The experiments vary in the 

total number of nodes in the distance matrix. All the experiments were conducted using 

Intel(R) Xeon(R) CPU @ 3.50GHz with 16 GB RAM machine under Windows 7 (64 

bit). The below sections detail the experiments run for each model.  

 3.3.1. Model I Experimentation. Several experiments were run to test the 

validity of the proposed ILP model I. Table 3.2 shows the data sets from the online 

TSP library “TSPLIB” with different number of drivers, number of lockers, number 

of customers and total number of nodes for each experiment run.  

Table 3.2: Model I Number of Nodes 

Experiment No. 

 

Problem 

 

No. of 

Drivers 

No. of 

Lockers 

No. of 

Customers 

Total No. 

of Nodes 

1 gr17 3 2 9 17 

2 gr21 4 3 10 21 

3 gr24 4 3 13 24 

4 bays29 4 3 18 29 

For each experiment run, Lingo provides the solution in terms of which requests 

will be assigned to which driver as well as the routing for each driver. The solution also 

gives the value of the objective function which is the total delivery cost. As mentioned 

before, the total delivery cost is composed of a total fixed cost rewarded to drivers for 

accepting delivery and a total variable cost which depends on the total distance travelled 

by drivers. Moreover, the solver gives the total time taken by Lingo to provide a 

solution for the proposed model. Table 3.3 illustrates the results obtained from solving 

the proposed model using Lingo solver for different number of nodes.   

Table 3.3: Model I Lingo™ Objective Value and Elapsed Time 

Experiment 

No. 

No. of 

Drivers 

No. of 

Lockers 

No. of 

Customers 

Total No. 

of Nodes 

Objective 

Value 

 

Lingo 

Elapsed 

Time (sec) 

1 3 2 9 17 10,118 35.38 

2 4 3 10 21 11,868 2998.29 

3 4 3 13 24 16,040 3889.21 

4 4 3 18 29 20,636 118820.31 

 Figure 3.5 demonstrates the optimum objective values provided by Lingo. The 

experiment number from Table 3.3 is presented in the x-axis, and the total delivery cost 

http://elib.zib.de/pub/mp-testdata/tsp/tsplib/tsp/gr17.tsp
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(the objective value) in the y-axis. As shown in the figure, the total delivery cost 

increases with the increase in the number of customers. This is because either more 

drivers will be used to cover all customers while satisfying capacity restrictions or more 

distance will be travelled to visit all customers. The increase in the number of drivers 

increases the total fixed cost whereas the increase in the total distance travelled 

increases the total variable cost. Nevertheless, the delivery costs values shown in the 

figure are the minimum possible values for delivering all available requests using the 

minimum number of drivers.  

 

Figure 3.5: Model I Total Delivery Cost, Lingo™ 

 As a tool for finding an exact solution, Lingo solver takes a very long time to 

find the optimum solution. This time increases with the increase in the number of nodes 

to an extent that makes it neither logical nor practical to use Lingo to find solutions for 

large instances. Figure 3.6 shows the exponential increase in the elapsed time (y axis) 

with the increase in the number of nodes (x axis). The solver took 33 hours when the 

number of nodes is 29. This instance includes only 4 drivers, 3 lockers and 18 

customers.  
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Figure 3.6: Model I Elapsed Time, Lingo™ 

 3.3.2.  Model II Experimentation.  Similarly, several experiments were run to 

test the validity of the proposed ILP model II. Table 3.4 shows the number of drivers 

used, the number of lockers, the number of customers and the total number of nodes for 

each experiment run using different data sets from the online TSP library “TSPLIB”.  

Table 3.4: Model II Number of Nodes 

Experiment No. 

 

Problem 

 

No. of 

Drivers 

No. of 

Lockers 

No. of 

Customers 

Total No. 

of Nodes 

1 gr17 3 2 9 17 

2 gr21 4 3 10 21 

3 gr24 4 3 13 24 

4 bays29 4 3 18 29 

For each experiment run, Lingo provides the solution in terms of which requests 

will be assigned to which driver as well as the routing for each driver. The solver 

provides the value of the objective function and the total time taken by Lingo to provide 

a solution for the proposed model.  Table 3.5 illustrates the results obtained from 

solving the proposed model using Lingo solver for different number of nodes.   
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Table 3.5: Model II Lingo™ Objective Value and Elapsed Time 

Experiment 

No. 

No. of 

Drivers 

No. of 

Lockers 

No. of 

Customers 

Total No. 

of Nodes 

Objective 

Value 

Lingo 

Elapsed 

Time (sec) 

1 3 2 9 17 10,118 118.85 

2 4 3 10 21 11,868 3391.98 

3 4 3 13 24 16,040 6186.15 

4 4 3 18 29 20,636 N/A 

Figure 3.7 demonstrates the optimum objective values provided by Lingo. The 

experiment number from Table 3.5 is presented in the x-axis, and the total delivery cost 

in the y-axis. As shown in the figure, the total delivery cost increases with the increase 

in the number of customers. This is because either more drivers will be used to cover 

all customers while satisfying capacity restrictions or more distance will be travelled to 

visit all customers. The increase in the number of drivers increases the total fixed cost 

whereas the increase in the total distance travelled increases the total variable cost. 

Nevertheless, the delivery costs values shown in the figure are the minimum possible 

values for delivering all available requests using the minimum number of drivers.  

 

Figure 3.7: Model II Total Delivery Cost, Lingo™ 

 Figure 3.8 shows the exponential increase in the elapsed time (y axis) with the 

increase in the number of nodes (x axis). The solver took around 2 hours when the 

number of nodes is 24. For the 4th experiment, when the number of nodes increased to 
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29, Lingo showed the value of the best objective within several hours however it has 

been running for more than 5 days without reaching this best objective from the starting 

objective bound and thus it didn’t return the final global optimum solution, i.e. the final 

values of the decision variables. This instance includes only 4 drivers, 3 lockers and 18 

customers.  

 

Figure 3.8: Model II Elapsed Time, Lingo™ 

3.4. Comparison of The Two Models   

As mentioned earlier, from a formulation point of view, the difference between 

Model I and Model II is that in the first model drivers’ movement is forced or eliminated 

with the distance matrix by assigning a very high distance (M) between nodes that 

should not be connected and a normal distance between other nodes. In the second 

model, the distance matrix is normal and movements are forced or eliminated with 

several constraints. The two proposed models provide as expected, the same objective 

value. Figure 3.9 illustrates the optimum objective values provided by Lingo for the 

two models with the experiment number in the x-axis and the total delivery cost (the 

objective value) in the y-axis. 
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Figure 3.9: Models I and II Total Delivery Cost, Lingo™ 

In terms of the elapsed time, Lingo took different times to provide the optimum 

solution of the two models. Figure 3.10 illustrates the difference in the elapsed time for 

the two models. 

 

Figure 3.10: Models I and II Elapsed Time, Lingo™ 

 It can be clearly noted that Model I is superior to Model II in terms of solver 

run time and hence from here on, our focus will be on the first formulation. However, 

even for the first model, the time taken to find the solution is extremely large for trivial 
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number of requests “29 nodes with 18 requests and 4 drivers” and this dictates the 

importance of developing a heuristic method for solving large instances.  

 

3.5.  Possible Variations of Model I 

 The proposed mathematical model is formulated in a way that offers flexibility 

in modelling different problems by changing some constraints. In this section, we test 

two possible variations of the developed model. 

• Controlling the Number of Drivers Used. In the current model, constraints 

1.1 and 1.2 assign the delivery requests to any number of a maximum of “D” 

available drivers. Using constraint 1.1, the total number of drivers assigned can 

be controlled by simply changing the right-hand side of the equation to the 

maximum number of drivers to be used. The model will then find the best 

possible combination from the total number of available crowd-workers that 

provides enough capacity to deliver all customers’ requests. 

Constraints 1.1 and 1.2: 

σ 𝑦𝑖 ≤ 𝐷              ∀𝑖𝑖       (1.1) 

   

σ σ 𝑥𝑖𝑘𝑗𝑘𝑖 ≤ 𝐷     ∀𝑗 > 𝐷 𝑎𝑛𝑑 ≤ (𝐷 + 𝐿)     (1.2)  

Modified Constraint 1.1: 

σ 𝑦𝑖 ≤ 𝐷′          ∀𝑖𝑖       (1.27)  

Where 𝐷′  is the maximum number of drivers to be used from the total available drivers 

𝐷.  

• Using UCC Vehicles as Extra Drivers. Another extension to the problem 

could be to use the vehicles that deliver requests from the UCC to the lockers to 

deliver some requests directly to customers if their capacity and/or total delivery 

time permit. From modelling point of view, the formulation is valid to handle 

this variation with slight changes in some constraints that can be highlighted 

with the following simple example. For simplicity and illustration, we assume 



64 

 

 

that the set of D drivers consists of a subset of crowd-workers 𝐷1 and another 

subset of UCC vehicles 𝐷2. 

- The first difference between the crowd-workers and the UCC vehicle is that not 

necessarily all crowd-workers are assigned for delivery but all UCC vehicles must be 

assigned to visit at least all lockers if their delivery time doesn’t permit to visit other 

customers’ nodes. Thus, constraint 1.7 should be modified to exclude the UCC driver 

“𝐷2” and a new constraint should be added to force the use of this driver. The new 

constraints are: 

Modified Constraint 1.7: 

σ 𝑥𝑖𝑖𝑘 ≤ 1      𝑘>𝐷 ∀𝑖 , 𝑖 ∉   𝐷2            (1.28) 

Additional Constraint: 

σ 𝑥𝑖𝑖𝑘 = 1      𝑘>𝐷 ∀𝑖 ∈   𝐷2              (1.29) 

- For the UCC vehicle, the constraint that forces the drivers to go to lockers first 

before going to any customer node doesn’t hold as for the UCC driver no 

requests require any pickup from lockers. Hence, UCC driver “𝐷2” should be 

excluded from constraint 1.8 and thus the new constraint is: 

𝑥𝑖𝑗𝑘 ≤ 𝑥𝑖𝑖𝑙𝑘 + σ 𝑥𝑖𝑗𝑙𝑘𝑗  ∀𝑖 ∉ 𝐷2, ∀𝑗 & 𝑘 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷) , 𝑙𝐽 ≠ 𝑙𝑘     (1.30) 

 

- As the UCC vehicles must visit all lockers’ nodes to deliver the requests and 

visit customers’ nodes only if their time window permits, the priority in their 

route is to go to all lockers nodes and hence a new constraint must be added to 

force this condition.  

                      σ 𝑥𝑖𝑗𝑘 = 1      𝑗 ∀𝑖 ∈ 𝐷2, ∀𝑘 > 𝐷 𝑎𝑛𝑑 ≤ (𝐷 + 𝐿)          (1.31) 

- Unlike other drivers, UCC driver node has a normal distance to any customer 

node since there is no restrictions on visiting customers nodes directly.  Hence 

some cut equations should exclude the UCC driver “𝐷2”.  Constraints 1.14 and 

1.17 are modified to: 

Modified Constraint 1.14: 
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𝑥𝑖𝑗𝑘 = 0   ∀𝑖, ∀𝑗 ≤ 𝐷 𝑎𝑛𝑑 𝑗 ∉  𝐷2  , ∀𝑘 ≤ 𝐷 𝑂𝑅 ≥ (𝐷 + 𝐿)       (1.32) 

Modified Constraint 1.17: 

𝑥𝑖𝑗𝑘 = 0   ∀𝑖, ∀𝑗 > (𝐷 + 𝐿) 𝑎𝑛𝑑 ≤ (𝑁 − 𝐷), ∀𝑘 ≤ 𝐷 𝑎𝑛𝑑 ∉  𝐷2 (1.33) 

 

- Finally, as crowd-workers should end their route at their final destination, UCC 

vehicles must go back at the end of their route to their depot which is modelled 

as the same node as the starting location of the driver. 

To end with, this problem is a multi-depots multiple travelling salesman problem 

(MmTSP) and hence its considered as an NP-Hard class of problems. Indeed, when 

only one driver is used and all the requests are satisfied from a single locker, the 

problem is reduced to a TSP which is known to be NP-Hard [86]. In [86], it has been 

proved that NP-hard problems cannot be solved to optimality within a bounded 

computational time and therefore heuristics are used to find near-optimal solutions. All 

heuristics cannot guarantee that the problem will be solved to optimality and it may not 

even be possible to state how close to optimality the solution is. Nevertheless, heuristics 

seek good, high quality solutions at a practical computational time. Therefore, in the 

next chapter we propose a Variable Neighborhood Search (VNS) algorithm to give near 

optimum solutions in a reasonable amount of time.   
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Chapter 4. Variable Neighborhood Search Algorithm for the Proposed ILP 

Model 

Real-life distribution problems in logistics and Supply Chain Management are 

NP-hard, which means that exact solution methods can provide optimum solutions only 

for small instances [40]. Therefore, heuristics and metaheuristics methods are usually 

developed to provide near-optimal solutions to mid- to large-sized instances in a 

reasonable time [40]. In our problem environment, thousands of requests will be 

available for delivery and hundreds of crowd-workers will be used and hence it’s not 

feasible to make the decision in a very long time. Thus, in this chapter we implement a 

Variable Neighborhood Search Algorithm to find near optimal solutions to the 

proposed mathematical optimization model. It has been shown in [97] that the Variable 

Neighborhood Search Algorithm is an effective method for getting approximate 

solutions for large single-objective optimization problems including scheduling 

problems, TSP and all its variants. Results of testing algorithm’s solvability in 

benchmark symmetric Travelling Salesman Problem instances showed that the 

algorithm gives good quality solutions within up to 28.5% from the best-known 

solution in an execution time of 218 seconds when the problem size is 226. It also 

proved that changes of the order of neighborhoods makes a significant difference in the 

solution. We validated our proposed algorithm by comparing the solutions obtained to 

the exact solutions provided by Lingo™. The developed algorithm is proposed to 

minimize the total delivery cost, satisfying all constraints, while keeping drivers’ 

maximum available time and customers’ delivery time windows into consideration.  

4.1. Variable Neighborhood Search (VNS) 

 Variable Neighborhood Search or VNS hereinafter is a metaheuristic algorithm 

proposed by Mladenović and Hansen [98] for solving combinatorial optimization 

problems. The basic idea of the VNS is that it explores different neighborhoods of an 

initial solution and moves from this current incumbent solution to a new one only if an 

improvement is made. The algorithm repeatedly applies a local search routine that uses 

local search methods to get from neighboring solutions to local optima. Local search 

methods are the simplest and oldest heuristics that start from an initial candidate 

solution and proceeds by applying a sequence of local changes in the initial solution 
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that improves each time the value of the objective function. The algorithm moves 

iteratively from a solution to a neighbor solution until no further improvements can be 

made or a stopping condition is met. The VNS algorithm exploits systematically the 

idea of neighborhood change relying on the following findings [99]: 

- A local minimum with respect to one neighborhood structure is not necessarily 

an optimal with respect to another neighborhood.  

- A global minimum is a local minimum with respect to all neighborhood 

structures.  

- Local minima with respect to several neighborhoods are relatively close to each 

other. 

Figure 4.1 illustrates the general idea of the Variable Neighborhood Search 

Algorithm that is used in finding the solutions for the proposed ILP model.  

 

Figure 4.1: Steps of the basic VNS [100] 

The algorithm has three main steps; shaking or diversification, local search or 

intensification, and evaluation. The process starts by identifying a finite set of 

neighborhood structures 𝑁𝑘 ( 𝑘 = 1, … , 𝑘𝑚𝑎𝑥) that will be used in the search, with 

𝑁𝑘( 𝑥) being the set of solutions that can be obtained from the 𝑘𝑡ℎ neighborhood of 𝑥. 

A stopping condition is identified and this condition can be a maximum elapsed time, 

a maximum number of iterations or a maximum number of repetitions with no 

improvement. An initial solution 𝑥 is generated randomly and the algorithm then starts 

with the first pre-specified neighborhood structure (𝑘 = 1) to generate another solution. 

The idea of the shaking phase is to diversify the search through making several random 

moves to escape from local optima. With the generated shaking solution 𝑥′, the 
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algorithm seeks an improvement in the neighborhoods of the current solution through 

applying a local search method as the local optimum within one neighborhood is not 

necessarily an optimum one within another. At the end, the algorithm performs an 

evaluation to accept only the improved solutions compared to the current solution.   

The basic VNS can be implemented easily using any local search algorithm as 

a subroutine in the local search step [98]. Studies showed that local optima trap problem 

can be resolved by applying a deterministic change of neighborhoods. As a result, a 

Variable Neighborhood Descent algorithm, VND hereinafter, can be used as a local 

search routine and hence it’s usually used within metaheuristics. VND hereinafter, is 

the simplest variant of the basic Variable Neighborhood Search in which the change of 

the neighborhoods is performed in a deterministic way [101]. The idea of the VND is 

that it explores different pre-specified neighborhoods structures until a local optimum 

for all considered neighborhoods is reached. The algorithm starts with an initial solution 

and explores different neighborhood structures until a local optimum is found. After 

that, the algorithm switches to a different neighbor structure that may lead to further 

progress. VND is frequently used as a local search routine in other metaheuristics’ 

contexts [101]. Figure 4.2 illustrates the general idea of the VND.  

 

Figure 4.2: Steps of the basic VND [100] 

In our work, we implemented a VNS algorithm that uses the VND in the local 

search phase. Figure 4.3 illustrates the VNS with VND used.  
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Figure 4.3: VNS Algorithm with VND [99] 

Based on Figure 4.3, Figure 4.4 represents a flowchart for the proposed VN

 

Figure 4.4: Implemented VNS Flowchart 
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The proposed VNS algorithm is implemented in the following phases: 

4.1.1. Initialization. In this phase, the sets of neighbourhood structures that 

will be used in the shaking and local search phases are specified. Also, an initial solution 

is generated at random and a feasibility check is carried out as an acceptance criteria 

for the generated solution. The below subsections detail the initialization phase.  

4.1.1.1. Neighborhood Structures. Neighborhood structures for both the 

shaking phase and the local search phase are selected with 𝑘𝑚𝑎𝑥 = 4 and 𝑙𝑚𝑎𝑥 = 2. For 

the shaking phase, the neighborhood structures are as follows: 

- Neighborhood 𝑁1 (𝑘 = 1): Swapping two different drivers between two different 

lockers-customers sequences. 

- Neighborhood 𝑁2 (𝑘 = 2): Swapping customers of the same locker between two 

different drivers. 

- Neighborhood 𝑁3 (𝑘 = 3): Swapping customers of the same locker between two 

different drivers. 

Neighborhood 𝑁4 (𝑘 = 4): Swapping any two customers and inserting customer locker 

before any of the two customers if necessary. 

For the local search phase, the neighborhood structures are as follows: 

- Neighborhood 𝑁1 (𝑙 = 1): Swapping two customers within the same driver and from 

the same locker. 

- Neighborhood 𝑁2 (𝑙 = 2): Swapping lockers’ order with their customers’ sequence 

within the same driver. 

4.1.1.2. Initial Solution. In order to generate an initial solution, a random 

procedure is used to build solution nodes and a feasibility check is then conducted to 

accept only feasible solutions. At the beginning, a driver is selected at random and then, 

starting from driver’s current location, a locker is selected at random as a second node 

since drivers should visit lockers before going to customers’ nodes. Afterwards, more 

lockers nodes, that have remaining unvisited customers, and non-visited customers 

nodes are added randomly and progressively taking into consideration drivers’ 
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capacity. When the capacity is reached and no more customers can be added, driver’s 

final destination node is added and a new driver is selected at random. The new driver 

route is constructed in the same way and the process repeats until all customers are 

visited. Each customer node should be visited exactly once after its locker node is 

visited and each driver can go to the same locker only once. Figure 4.6 illustrates the 

construction of the solution. The process iterates many times and a feasibility check is 

performed each time to accept the feasible solution. When a feasible solution is 

generated, the process stops and a cost calculation is performed afterwards to find the 

value of the total delivery cost of the initial solution.  

Figure 4.5 shows the structure of the initial solution. In the figure, 10 customers’ 

requests “ 𝐶1 to 𝐶10” are to be satisfied from 2 lockers “ 𝐿1 and 𝐿2” using 3 drivers 

whose current locations are denoted by “ 𝐷1 to 𝐷3” and whose final destinations are 

denoted by “ 𝐹1 to 𝐹3”. The first 5 customers are satisfied from locker 1 whereas the 

second 5 are satisfied from locker 2. From hereinafter, same structure will be used to 

explain the phases of our implemented VNS.  

D3 L1 C4 C3 C5 F3 

 

D2 L2 C10 C8 C7 L1 C1 F2 

 
D1 L1 C2 L2 C6 C9 F1 

Figure 4.5: Initial Solution 

 



72 

 

 

 

Figure 4.6: Construction of Initial Solution 
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4.1.1.3. Feasibility Check. Several initial solutions are generated at the 

beginning but the algorithm accepts only the feasible ones. The feasibility check is 

based on drivers’ maximum available delivery time and customers’ delivery time 

window. For each driver, the total delivery time; that is the time until the driver reaches 

his final destination, should be less than the total available delivery time for that driver. 

Total delivery time can be calculated from the total distance that the driver travelled 

and the time needed to travel one distance unit. Similarly, for all customers, the arrival 

time at each node should be no less than the beginning of customer’s delivery window 

and no more than the ending of the customers’ delivery window. If any solution violates 

these time constraints, the solution is considered as not feasible. Figure 4.7 illustrates 

initial solutions feasibility check.  

 

Figure 4.7: Feasibility Check 
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4.1.1.4. Total Delivery Cost Calculation. For each generated solution, the 

algorithm calculates the total travel cost which is the sum of the total fixed cost and the 

total variable cost. When a new driver is selected, a fixed charge is added to the delivery 

cost while a variable charge is added for any unit of distance travelled between every 

two nodes. The algorithm then chooses the solution with the minimum total cost for the 

next phases. Figure 4.8 illustrates total travel cost calculations. 

 

Figure 4.8: Total Delivery Cost Calculations 

4.1.2.  Shaking Phase. In this phase, several random moves from one neighbor 

structure to other neighbor structure are performed to escape from local search local 

optima. The four-implemented different neighborhood structures are as follows: 

4.1.2.1. Neighborhood Structure N1 (𝑘 = 1). The first neighbourhood 

structure in the shaking phase is to swap two different drivers while keeping the rest of 

the sequence as it is. Since there are capacity constraints, not all drivers can be swapped 

and hence the number of customers visited by each driver is taken into consideration. 

The algorithm begins with the first driver in the solution, and then search for the first 

next driver with a total number of visited customers less than or equal to the driver’s 

capacity. If there is no capacity violation, the drivers are swapped and the solution 

feasibility is checked. For the feasible solutions, the total travel cost is calculated to be 

compared later and the process repeats with another selected driver. When all swapping 

possibilities are explored, the algorithm stops and the feasible solution with the 
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minimum cost is used in the next local search phase (𝑙 = 1).  Figure 4.9 presents a 

simple example.  

Before the Swap: 

 

D1 L2 C7 L1 C3 C10 C5 F1 

 

D3 L2 C6 C9 C8 F3 

 

D2 L1 C2 C4 C1 F2 

 

 

After the Swap: 

 
D1 L2 C7 L1 C3 C10 C5 F1 

 

D2 L2 C6 C9 C8 F2 

 

D3 L1 C2 C4 C1 F3 

 

Figure 4.9: Shaking Phase (k = 1) Example 

 The process begins with the first driver in the sequence 𝐷1; the capacity of the 

driver is 4 while the capacity of the two other drivers is 3 and hence this driver cannot 

be swapped with any other driver. Since the second driver in the sequence is 𝐷3 with a 

capacity of 3, this driver can be swapped with driver 𝐷2 as the total number of visited 

customers by 𝐷2is also 3 and hence 𝐷2 and 𝐷3 are swapped. The process stops here 

since there is no other swapping possibilities. Figure 4.10 details this first stage in the 

shaking phase. 
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Figure 4.10: Shaking Phase (k = 1) 

4.1.2.2. Neighborhood Structure N2 (𝑘 = 2). This neighbourhood swaps the 

customers of the same locker between two different drivers when the locker is visited 

by more than one driver. The algorithm randomly selects two drivers that has at least 
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one common locker in their route and then starts to swap customer by customer until 

all locker’s customers are swapped. The algorithm then moves to the next common 

locker and repeats the same process for all common lockers between the two selected 

drivers. Afterwards, another two random drivers are selected and the total number of 

iterations is half the total number of drivers. As in the shaking phase, the feasibility of 

the generated solution after every swap is checked and feasible solutions are kept for 

further consideration. Figure 4.11 presents an example that clarifies the process. 

Before the Swap:  

 

D1 L2 C7 L1 C3 C5 F1 

 

D3 L2 C6 C9 C8 F3 

 

D2 L1 C2 L2 C4 C10 C1 F2 

 

After the Swap: 

 
D1 L2 C10 L1 C2 C4 F1 

 

D3 L2 C6 C9 C8 F3 

 

D2 L1 C3 L2 C5 C7 C1 F2 

 

Figure 4.11: Shaking Phase (k = 2) Example 

At the beginning, drivers 𝐷1 and 𝐷2 are selected since they have two lockers in 

common. The first locker in 𝐷1 route is 𝐿2 and hence all customers that belongs to 𝐿2 

will be swapped one at a time with the customers that belongs to 𝐿2 in 𝐷2 route; only 

𝐶7 in this case. After that, the same process is repeated for customers of the second 

locker which is 𝐿1 in this case. Thus,  𝐶3 and 𝐶5 from 𝐷1 route will be swapped one at 

a time with 𝐶2 and 𝐶4 from 𝐷2 route. After each swap, the total travel distance of the 

new solution is calculated and the minimum of 𝑁𝟐(𝑥) solutions will be used in the next 

steps of the VNS. Subroutine 4.12 presents this stage of the VND. 
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Figure 4.12: Shaking Phase (k = 2) 
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4.1.2.3. Neighborhood Structure N3 (𝑘 = 3). This neighbourhood structure is 

similar to N2 (𝑘 = 2) except that the swapping is not performed for all common 

lockers. After selecting two drivers that has at least one common locker in their route, 

the algorithm randomly selects half of the lockers to swap their customers. Afterwards, 

another two random drivers are selected and the process repeats until the total number 

of iterations is half the total number of drivers. Figure 4.13 shows this last structure in 

the local search phase.  

 

Figure 4.13: Shaking Phase (k = 3) 
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4.1.2.4. Neighborhood Structure N4 (k = 4). The last neighbourhood structure 

is a combination of swapping and insertion. In this step, two customers from any driver 

and any locker are selected at random to be swapped. After the swap, the algorithm 

assures that the constraint of visiting lockers before visiting their customers is met for 

each customer. Thus, for each one of the swapped customers, the algorithm checks 

whether the locker is visited before customer node. In case the locker is visited before, 

neither shifting nor insertion is performed. In case the locker is in the driver route but 

after the customer, the locker node is shifted back to be visited before the customer. If 

the locker doesn’t exist in the driver route, it is inserted directly before the customer 

node. After any shifting and any insertion, the feasibility is checked and in case the 

solution is feasible the total travel cost is calculated and the solution is saved for further 

comparison. Figure 4.14 illustrates shifting and insertion of two lockers.  

Before the Swap: 

 

D1 L2 C7 L1 C3 C10 C5 F1 

 

D3 L2 C6 C9 C8 F3 

 

D2 L1 C2 C4 C1 F2 

 

After the Swap with shifting and insertion: 

 
D1 L2 L1 C1 C3 C10 C5 F1 

 

D3 L2 C6 C9 C8 F3 

 

D2 L1 C2 C4 L2 C7 F2 

 

Figure 4.14: Shaking Phase (k = 4) Example 

 At the beginning, two customers are selected at random; we consider 𝐶7 and 𝐶1. 

After swapping the two customers, Locker 𝐿1 will be visited after its customer 𝐶1 and 

hence its shifted one node before. At the same time, customer 𝐶7 will be added to driver 

2 route which does not include locker 𝐿2 and hence this locker is inserted in the node 
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before 𝐶7. The algorithm then chooses other two different customers at random and the 

process repeats until the total number of iterations is half the number of customers. At 

the end, the algorithm chooses the feasible solution with the minimum cost among all 

generated solutions 𝑁 (𝑥) to be used in the local search phase ( 𝑙 = 1 ). Figure 4.15 

details this neighbourhood structure. 

 

Figure 4.15: Shaking Phase (k=4) 
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4.1.3. Local Search Phase by VND. For each generated shaking solution, the variable 

neighborhood search algorithm tries to improve the structure of the solution by applying 

several local search steps. The three-implemented different neighbourhood structures 

are as follows:  

4.1.3.1. Neighborhood Structure N1 (l = 1) . In this neighborhood, two 

different customers who are visited by the same driver and whose requests are fulfilled 

from the same locker are swapped. The algorithm starts with the first visited customer 

in the driver route, checks its locker and then search for another visited customer from 

the same locker in the driver’s route. When a second customer is found, the swap is 

performed as shown in figure 4.16.  

Before the Swap: 

 

D1 L2 C7 L1 C3 C10 C5 F1 

 

D3 L2 C6 C9 C8 F3 

 

D2 L1 C2 C4 C1 F2 

 

After the Swap: 

 
D1 L2 C10 L1 C3 C7 C5 F1 

 

D3 L2 C6 C9 C8 F3 

 

D2 L1 C2 C4 C1 F2 

 

Figure 4.16: Local Search Phase (l = 1) Example 

The algorithm starts from driver 1, take the first visited customer  𝐶7 and looks 

for the first customer in the subsequent sequence whose request is to be satisfied from 

locker 2 also. Since the first customer is 𝐶10, the algorithm will swap those two 

customers and proceed to the next customer in the route which is 𝐶3. The process will 

repeat until all common customers are swapped. After each swap, the feasibly of the 

new solution is checked and if the solution is feasible, the total travel cost is calculated 
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and the solution is stored for further comparison. The algorithm then proceeds to the 

next customers’ swap and the process iterates until all swapping possibilities for all 

drivers and lockers are generated. At the end, the algorithm chooses the minimum 

feasible solution among all generated shaking solutions 𝑁𝟏(𝑥) and use it in the next 

phase. Figure 4.17 details this first neighborhood structure. 

 

Figure 4.17: Local Search Phase (l = 1) 
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4.1.3.2. Neighborhood Structure N2 (l = 2). The second neighbourhood 

structure is to swap the order in which driver visits two different lockers and the 

sequence following each locker. The process begins with randomly selecting a driver 

who visits two or more lockers and then randomly selecting two of the visited lockers. 

After that, the two selected lockers along with customers’ sequence that starts after each 

locker and ends at either another locker or a final destination are swapped. The 

algorithm then checks the swapped customers to ensure that each customer in the 

sequence is visited after visiting the locker in which the customer order exists. In case 

there is a violation for this constraint, the customer will be replaced by any other 

customer whose locker is visited before this location. If there exists no other customer 

that can be replaced, the swapping of the lockers is not performed and different two 

lockers are selected at random for the next iteration. The process stops when the total 

number of iterations is half the number of drivers. Figure 4.18 illustrates this process 

through a simple example.  

Before the Swap:  

 

D1 L2 C7 C9 L1 C3 C10 F1 

 

D3 L1 L2 C6 C5 C8 F3 

 

D2 L1 C2 C4 C1 F2 

 

After the Swap: 

 

 

D1 L1 C3 C5 L2 C7 C9 F1 

 

D3 L1 L2 C6 C10 C8 F3 

 

D2 L1 C2 C4 C1 F2 

 

Figure 4.18: Local Search Phase (l = 2) Example 

The process starts by randomly choosing a driver that goes to two or more 

lockers; in this case we consider driver 1. The first part from 𝐿2 to 𝐶9 is swapped with 
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the second part from 𝐿1 to 𝐶10. After the swap, customer 𝐶10 is visited before its locker 

𝐿2 in the new sequence and hence it should be replaced by another customer that has a 

request in the visited locker. Since customer 𝐶5 belongs to locker 𝐿1, it can be shifted 

to 𝐶10 location. After each swap, the feasibly of the generated solution is checked and 

if the solution is feasible, the total travel cost is calculated and the solution is stored for 

further comparison. At the end, the algorithm chooses the minimum feasible solution 

among all generated shaking solutions 𝑁𝟐(𝑥) and use it in the next phase. Figure 4.19 

details this second neighbourhood structure. 

Figure 4.19: Local Search Phase (l =2) 
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4.1.4. Evaluation and Termination. After each local search step, the 

algorithm evaluates the solution to decide whether to move from the initial incumbent 

solution and whether the neighborhood structure should be changed. Initially, the local 

search solution is compared with the shaking solution, and if it is better than the shaking 

solution, it is set to be the new shaking solution and it is then compared to the initial 

solution. In case the new shaking solution is better than the initial solution, the initial 

solution is updated to be the shaking solution and the search is repeated with the first 

neighborhood (𝑘 = 1). If the new shaking solution is not better, the initial solution is 

kept as it is and the shaking is performed again with a move to the next neighborhood 

(𝑘 = 𝑘 + 1). On the other hand, if the local search solution is not better than the shaking 

solution, the local search is repeated with the next neighbor (𝑙 = 𝑙 + 1) and the process 

repeats until 𝑙𝑚𝑎𝑥. The process terminates when 𝑘 = 𝑘𝑚𝑎𝑥 or when the number of 

iterations after improvement (𝑘 = 1) exceeds 10 iterations. Figure 4.20 details this 

phase.  

 

Figure 4.20: Solution Evaluation 
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The developed algorithm detailed above has been tested on several problems 

with different sizes to test the returned solution in terms of solution quality and 

computational time. In the next chapter, all the experiments performed are presented.    
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Chapter 5. Experimentation, Results and Analysis 

In this chapter, we present the experimentations performed to validate the 

developed Variable Neighbourhood Search Algorithm. We also evaluate the 

performance of the proposed VNS by comparing the obtained solutions with the exact 

solutions provided by Lingo™. After that, several experiments were conducted to test 

the ability of the developed algorithm to solve large instances.  At the end, a sensitivity 

analysis is performed to assess model’s sensitivity to model inputs. 

5.1.  VNS Validation 

For testing the solution returned by the VNS algorithm and evaluating how far 

it is from the exact solution given by Lingo in terms of solution quality and time, the 

same experiments performed before on different data sets from TSPLIB were 

conducted. The algorithm is coded using C++ programming language and all the 

experiments were conducted using Intel(R) Xeon(R) CPU @ 3.50GHz with 16 GB 

RAM machine under Windows 7 (64 bit). Table 5.1 illustrates the results obtained from 

finding a solution to the proposed model using the VNS algorithm for different number 

of drivers, number of lockers, number of customers and different total number of nodes.  

Table 5.1: VNS Objective Value and Elapsed Time 

Experiment 

No. 

 

Problem 
No. of 

Drivers 

No. of 

Lockers 

No. of 

Customers 

Total No. 

of Nodes 

Objective 

Value 

Elapsed 

Time 

(sec) 

1 gr17 3 2 9 17 10,118 0.499 

2 gr21 4 3 10 21 12,052 2.281 

3 gr24 4 3 13 24 17,496 4.080 

4 bays29 4 3 18 29 21,748 4.902 

 

Figure 5.1 illustrates the objective function values which are the best solutions 

provided by the algorithm. The x-axis presents the experiment number from Table 5.1 

and the y-axis shows the total travel cost (the objective value). As expected, the total 

delivery cost increases with the increase in the number of customers. 

http://elib.zib.de/pub/mp-testdata/tsp/tsplib/tsp/gr17.tsp
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Figure 5.1: Total Delivery Cost, VNS 

Figure 5.2 shows the time taken by the algorithm to find the best solution for 

the different number of nodes. 

 

Figure 5.2: Elapsed Time, VNS 

The algorithm finds the solution very fast when the number of nodes is small 

and the time increase with the increase in the total number of nodes.  

5.1.1. Comparison between Lingo™ and the Variable Neighborhood 

Search Algorithm.  Figure 5.3 presents a comparison between the values obtained 

from the exact solution (Lingo) and the heuristic. For the first set, the algorithm returned 

the same solution provided by Lingo and for the other 3 runs the results remained very 
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close to the exact solution and this validates our proposed algorithm. The comparison 

couldn’t be extended due to Lingo limitations.  

 

 

Figure 5.3: VNS Percentage Deviation from Lingo™ 

Similarly, table 5.2 shows the time taken by the algorithm to find a solution. 

The algorithm is very fast compared to Lingo and it took only 4 seconds to find a near 

optimal solution for 29 nodes while Lingo took 33 hours to solve the same number of 

nodes.  

Table 5.2: Elapsed Time, Lingo™ vs. VNS 

Experiment 

No. 

Lingo Elapse Time 

(sec) 

VNS Elapsed Time 

(sec) 

1 35.38 0.499 

2 2998.29 2.281 

3 2.281 4.080 

4 3889.21 4.902 

  

The comparison presented above validates our proposed algorithm in terms of 

solution quality and computational time. From this, it can be concluded that our 

proposed VNS can be used for extending the experiment for larger number of nodes for 

which exact solutions does not exist. In the next section, several experiments are 

presented to test the ability of the proposed algorithm to solve large instances.  

0.00 %
1.55 %

9.08 %

5.39 %

0

5,000

10,000

15,000

20,000

25,000

1 2 3 4O
b

je
ct

iv
e 

V
al

u
e 

(T
o

ta
l 

D
el

iv
er

y
 

C
o

st
)

Experiment Number

Lingo

VNS



91 

 

 

5.2.  VNS Experimentation 

 To test the effectiveness of the proposed algorithm and to observe how it 

behaves in term of computational time when increasing the total number of nodes, 

several experiments where conducted using different data sets from the online TSP 

Library “TSP Library”.  Tables 5.3 shows the different problems solved with the 

different number of drivers, lockers and customers. With the increase in problem size, 

not only the number of nodes increase but also the distances between each pair of nodes 

becomes very large and this is why the total delivery cost increased significantly. The 

elapsed time is taken as an average of 5 runs. All experiments are obtained using 

Intel(R) Core™ i7 6500U CPU @ 2.50GHz with 4 GB RAM machine under Windows 

10 (64 bit). 

Table 5.3: VNS Experimentation 

Experiment 

No. 

 

Problem 

 

No. of 

Drivers 

No. of 

Lockers 

No. of 

Customers 

Total 

No. of 

Nodes 

Objective 

Value 

Elapsed 

Time 

(sec) 

1 gr48 6 4 32 48 73,492 5.39 

2 eil76 8 6 54 76 246,224 7.093 

3 rat99 10 7 72 99 584,172 11.24 

4 pr136 13 10 100 136 7,124,766 2.28 

5 Lin318 16 11 275 318 19,039,828 19.927 

 

Figure 5.4 shows the increase in the total delivery cost with the increase in the 

total number of nodes whereas figure 5.5 illustrates the total computational time for 

solving up to 318 instance. The experiment number from table 5.5 is in the x-axis and 

the objective value and elapsed time are in the y-axis.  
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Figure 5.4: Total Delivery Cost VNS Experimentation 

 

 

Figure 5.5: Elapsed Time, VNS Experimentation 

It can be clearly noted that the algorithm provides a solution within few seconds 

regardless of the size of the problem. It took only an average of 20 seconds to return a 

solution for the largest problem of size 318. This instance includes 16 drivers, 11 

lockers and 275 customers.  

To end with, table 5.4 provides a summary for all experiments performed for 

the proposed VNS and the time taken by the algorithm to return a solution. Figure 5.6 

concludes that the time needed by the algorithm to find a solution varies between 

different problems, not necessarily proportional to the problem size, yet it remained 

within 20 seconds for all the experiments runs.  
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Table 5.4: VNS Elapsed Time Summary 

Experiment No. Total No. of Nodes Elapsed Time (sec) 

1 17 0.499 

2 21 2.281 

3 24 4.080 

4 29 4.902 

5 48 5.39 

6 76 7.093 

7 99 11.24 

8 136 2.28 

9 318 19.927 

 

 

Figure 5.6: VNS Elapsed Time Summary 

5.3.  Sensitivity Analysis 

In this last section, a sensitivity analysis is performed to test the effect of input 

parameters on the objective function of interest; the total delivery cost. The parameters 

are changed one at a time with fixing all other parameters and the obtained results are 

compared with a reference case. Considering Lingo limitations in the number of nodes, 

the base case is taken as follows: 

▪ Number of drivers: 3 

▪ Number of lockers: 3 

▪ Number of customers: 9 
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For all experiments, different sets from the online TSP library are used and the size of 

the matrix is varied by increasing or decreasing the number of nodes to match each trial.  

5.3.1.  Number of Lockers Variation. In these trials, the number of lockers is 

increased by one locker each time in order to study the effect of these variations on the 

total delivery cost. Table 5.5 details the experiment. 

Table 5.5: Number of Lockers Variation I 

Trial Number of 

Drivers 

Total 

Capacity 

Number of 

Lockers 

Number of 

Customers 
Total Cost Elapsed 

Time (sec) 

1 3 12 1 9 12,458 4.45 

2 3 12 2 9 14,666 17.55 

3 3 12 3 9 17,522 4.59 

4 3 12 4 9 17,570 16.75 

5 3 12 5 9 18,238 18.93 

As expected, figure 5.7 shows the increase in the delivery cost with increasing 

the number of lockers.  

 

Figure 5.7: Number of Lockers Variation I 

However, it has been noted that the delivery cost is not only sensitive to the 

increase in the number of lockers but also to customers’ allocation to lockers and thus 

the above conclusion is not always valid. Table 5.6 shows the difference between 

customers’ allocation in the two experiments while table 5.7 and figure 5.8 illustrates 

the second experiment. 
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Table 5.6: Customers Allocation to Lockers 

Trial No. 3 4 5 

Experiment I II I II I II 

L1 C1 C1, C2, C3 C1, C2, C4 C4, C5 C1, C2 C3, C4 

L2 C2, C3 C4, C5, C6 C5, C8 C1, C2, C3 C3, C4 C1, C2 

L3 C4 – C9 C7, C8, C9 C7 C7, C8, C9 C5, C6 C7, C8 

L4 N/A N/A C6, C9 C6 C7 C5, C6 

L5 N/A N/A N/A N/A C8, C9 C9 

 

Table 5.7: Number of Lockers Variation II 

Trial Number of 

Drivers 

Total 

Capacity 

Number of 

Lockers 

Number of 

Customers 
Total Cost Elapsed 

Time (sec) 

1 3 12 1 9 12,458 4.45 

2 3 12 2 9 14,666 17.55 

3 3 12 3 9 14,470 13.40 

4 3 12 4 9 14,446 15.87 

5 3 12 5 9 14,118 19.10 

 

 

Figure 5.8: Number of Lockers Variation II 

From the details above, the conclusion that can be drawn about the correlation 

between the increase in the number of lockers and the increase in the total delivery cost 

is that the increase or decrease in the total costs is sensitive to the allocation of 

customers to lockers.  
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5.3.2.  Number of Customers Variation. In these trials, the number of 

customers is increased by two customers each time in order to study the effect of these 

variations on the total delivery cost. Table 5.8 illustrates the trials performed.  

Table 5.8: Number of Customers Variation 

Trial Number of 

Drivers 

Total 

Capacity 

Number of 

Lockers 

Number of 

Customers 
Total Cost Elapsed 

Time (sec) 

1 3 15 3 5 3,362 3.57 

2 3 15 3 7 3,782 3.88 

3 3 15 3 9 5,126 8.2 

4 3 15 3 11 5,868 34.36 

5 3 15 3 13 6,154 181.7 

Intuitively, the total delivery cost increases with the increase in the number of 

customers. This is due to either the increase in the fixed cost that results from using 

more drivers to cover all customers if the capacity or available time of the existing 

drivers is not enough or the increase in the variable cost resulting from the additional 

distance travelled to cover more customers. Figure 5.9 shows this correlation.  

 

Figure 5.9: Number of Customers Variation 

5.3.3. Number of Drivers Variation. In these trials, the number of drivers is 

varied while keeping all other parameters fixed including the total available capacity. 

At the first time, the total capacity is distributed evenly between all drivers as shown in 

table 5.9 while in the second trials the distribution was random as presented in table 
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Table 5.9: Number of Drivers Variation I 

Trial Number of 

Drivers 

Capacity 

Distribution 

Number of 

Lockers 

Number of 

Customers 
Total Cost Elapsed 

Time (sec) 

1 1 12 3 9 8,538 1.61 

2 2 6, 6 3 9 8,280 8.95 

3 3 4, 4, 4 3 9 9,406 16.07 

4 4 3, 3, 3, 3 3 9 8,478 22.88 

5 6 2, 2, 2, 2,2,2 3 9 13,406 355.17 

 

Table 5.10: Number of Drivers Variation II 

Trial Number of 

Drivers 

Capacity 

Distribution 

Number of 

Lockers 

Number of 

Customers 
Total Cost Elapsed 

Time (sec) 

1 1 12 3 9 8,538 1.61 

2 2 4, 8 3 9 8,824 8.33 

3 3 4, 3, 5 3 9 8,516 16.65 

4 4 5, 2, 3, 2 3 9 8,594 19.72 

5 6 2,3, 1, 3, 1,2 3 9 11,440 66.16 

 

Figure 5.10 and 5.11 shows that the total cost can either increase or decrease 

with the increase in the total number of drivers used. Although the total capacity is 

fixed, the distribution of capacity among drivers has an unpredictable effect on the total 

cost. This observation is valid when distributing the capacity either equally or randomly 

among the drivers. Moreover, in case the total capacity is randomly distributed, the 

variation in the cost also depends on which driver is assigned what capacity. Thus, the 

relationship between the number of drivers and the total delivery cost is not conclusive 

and depends on a confluence of factors; number of drivers, distribution of capacity and 

definitely drivers’ and customers’ time windows.  
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Figure 5.10: Number of Drivers Variation I 

 

 

Figure 5.11: Number of Drivers Variation II 

5.3.4. Drivers Capacity Variation. In this part, the total available capacity is 

varied by increasing the capacity of one driver while keeping the capacities of the other 

drivers fixed. Table 5.11 illustrates the several trials performed.  

Table 5.11: Drivers Capacity Variation 

Trial Number of 

Drivers 

Total 

Capacity 

Number of 

Lockers 

Number of 

Customers 
Total Cost Elapsed 

Time (sec) 

1 3 10 3 9 10,050 22.39 

2 3 11 3 9 9,810 20.77 

3 3 12 3 9 8,920 16.4 

4 3 13 3 9 8,168 11.69 

5 3 14 3 9 8,168 14.04 

8538 8280
9406

8478

13406

0

2000

4000

6000

8000

10000

12000

14000

16000

1 2 3 4 5

T
o

ta
l 

D
el

iv
er

y
 C

o
st

Trial Number

8538 8824 8516 8594

11440

0

2000

4000

6000

8000

10000

12000

14000

1 2 3 4 5

T
o

ta
l 

D
el

iv
er

y
 C

o
st

Trial Number 



99 

 

 

Figure 5.12 depicts that the total delivery cost either decrease or remain constant 

with the increase in the drivers’ capacity. This can be because either less drivers are 

used, and this decrease the total fixed cost, or the same number of drivers is used if the 

driver with the increased capacity cannot be used to deliver more requests due to 

delivery time windows restrictions. Both driver’s total available time and customers’ 

time windows will have an impact on the correlation between drivers’ capacity and total 

delivery cost. 

 

Figure 5.12: Drivers Capacity Variation 

5.3.5. Fixed Cost to Variable Cost Ratio Variation. In these trials, we fixed 

the variable charge and varied the fixed charge to observe the effect of cost ratio on the 

total delivery cost. Table 5.12 shows the details.  

Table 5.12: Cost Ratio Variation 

Trial Fixed 

Charge 

Variable 

Charge 

Cost Ratio 

 
Total Cost Elapsed 

Time (sec) 

Number of 

Drivers 

Used 

1 50 10 5 20,030 11.45 3 

2 150 10 15 20,230 14.02 2 

3 300 10 30 20,530 11.78 2 

4 450 10 45 20,830 10.53 1 

5 600 10 60 21,130 12.51 1 

Table 5.12 shows that as the fixed charge to variable charge ration increases, 

the model tends to use less drivers but if the total capacity of the drivers and their total 

available time permit. 
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Chapter 6. Conclusion and Future Work  

Last mile delivery has recently received considerable attention with the growth 

of e-commerce and the increase in customers’ demand for ever-faster delivery. 

Technological innovations are offering plenty of options for logistics operators to 

deliver parcels and products to customers at the last mile. In this thesis, we studied the 

use of crowdsourcing as a promising solution for this last mile delivery problem. The 

problem is formulated as an Integer Linear Programming (ILP) problem in two different 

ways with the objective of minimizing total delivery cost. The modeling environment 

considered the crowd-workers, the lockers and the customers and the two models are 

subject to different constraints that restricts drivers’ capacities and availability time as 

well as customers’ delivery time windows. The outcome of the two models is the 

optimal assignment of requests to drivers as well as optimal routing for each driver. To 

validate the proposed models, Lingo™ was used to give exact solutions to different 

data sets from the online TSP library. Both models returned similar results for the 

objective function, yet one of the models proved its superiority to the other in terms of 

Ling run time. However, Lingo™ proved its inefficiency when the problem size 

increased as it took an extremely long time to provide a solution for considerably small 

size problems. Thus, a Variable Neighborhood Search heuristic is developed to give 

near optimal solutions in reasonable amount of time.  

 Variable Neighborhood Search Algorithm (VNS) is an effective method for 

getting approximate solutions for large single-objective optimization problems 

including scheduling problems and TSP. In our work, we implemented a VNS that uses 

Variable Neighborhood Descent (VND) in the local search phase with 4 different 

neighborhood structures in the shaking phase and 2 different neighborhood structures 

in the local search phase. To test its effectiveness, the proposed algorithm has been 

coded using C++ programming language and the same Lingo™ experiments were 

conducted to compare the returned solutions. For small size problems, the algorithm 

provided the same exact solution in less than one second whereas it returned solutions 

that are very close to the exact solution in few seconds when the problem size increased. 

To verify the algorithm expandability, more experiments were performed on larger sets 
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from the online TSP library (up to 318 nodes) and the algorithm returned solutions 

within less than 20 seconds.  

 At last, a sensitivity analysis was conducted to assess the effect of changing 

input parameters on the total delivery costs. The total number of lockers, total number 

of customers, total number of drivers and drivers’ capacity were changed one at a time 

and the effect of parameters’ variation on the total delivery cost was observed. Although 

there was a clear correlation between the change in the parameter and the change in the 

total delivery cost for some parameters, some other experiments were inconclusive.  

 As a future work, one area of interest will be to consider dynamic environment 

in which requests are not fully known in advance and drivers can join and disjoin at any 

point in time. The proposed model can be modified to consider request re-assignment 

and drivers’ re-routing. Another extension could be to use crowdsourcing for both 

pickup and delivery where crowd-workers can pick some requests on their way and 

deliver them to customers rather than considering delivery only. Moreover, the 

neighborhood structures used in the shaking phase and local search phase of the VNS 

algorithm can be improved in order to enhance the performance of the algorithm.   
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