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Abstract

Although urban freight transportation plays an important role in economic growth, it also
constitutes one of the largest sectors generating more externalities which include social and
environmental impacts such as pollution, depletion of natural resources and accidents. Also,
this sector deals with a high level of stochasticity in customer dependent and time related
information. Given its key role in development, smart approaches for designing sustainable
and robust routes are needed. This thesis focuses on the economic, environmental and social
sustainability impacts of urban freight transportation. In order to investigate and address
these problems, some novel optimisation models as well as efficient algorithms and methods
to handle this complex rich problem are developed and implemented.

In this thesis, some original contributions are proposed. First, an extension of the deterministic
sustainable vehicle routing problem with economic and environmental objectives and three
algorithmic approaches to address the problem are proposed. This ‘realistic’ problem arises in
practice especially when the social impacts of urban freight transportation are ignored. Social
impacts and costs of logistics and transportation activities are often borne by the citizen,
however, freight transportation companies should bear some of these costs. Therefore,
a weighted sum optimisation model to also include a social objective is developed. An
advantage of using a multi-objective model is to investigate robustness of solution by means
of sensitivity analysis.

Secondly, when some information is not known in advance, deterministic models fail to take
into account these uncertainties. For this reason, two novel recourse models are developed.
The first model addresses travelling time uncertainties and tries to minimise the routing
costs which includes the driver costs, fuel costs and penalty cost of driver overtime. The
second model is a weighted sum recourse model that takes into account uncertain travelling
times and demands and tries to minimise economic, environmental and social costs of freight
distribution. Finally, a hybridisation of heuristics with Monte-Carlo Simulation to handle
uncertainties is proposed.



Lastly, an extensive set of computational experiments are carried out to investigate the
interrelationship between the sustainability dimensions, the effect of stochasticity on the
sustainability indicators and the trade-off(s) among them.

To the best of our knowledge, this is the first collection of work that proposes and imple-
ments the described optimisation models and solution methods to solve the logistics and
transportation distribution problem.
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Chapter 1

Introduction

1.1 Background

Logistics and transportation (L&T) activities have their associated negative impacts. These
impacts range from economic to environmental and social aspects. Consequently, there is
an increased pressure on logistics operators and motorists to limit these impacts from the
financial, ecological and social point of view. Typically, a L&T owner operator’s objective
is to minimise the financial impact of their transportation activities, which gives rise to the
distribution problem called the Vehicle Routing Problem (VRP). The VRP is concerned
with the back-and-forth movement of goods and services between a supply point and a
demand point. However, typical VRP objectives do not adequately reflect sustainability goals.
Sustainability regarding L&T activities does not only imply economic friendliness but also,
its safety and efficiency (Balasubramaniam et al., 2017).

Thus, recent trends in logistics activities are fast evolving, i.e., attempting to balance the
economic, environmental as well as social impacts of their operations. These three priorities
in the context of sustainability are often referred to as the ‘triple bottom line’ sustainability
indicators or the 3 P’s (profit, planet, and people). Voula Mega and Jorm Pedersen (1998)
defined ‘Sustainability’ as “equity and harmony extended into the future, a careful journey
without an endpoint, a continuous striving for the harmonious co-evolution of environmental,
economic and socio-cultural goals.” Also, in a round table report by the European Conference
of Ministers of Transportation (2005), a sustainable transport system is one that is safe,
easily accessible, affordable and environmentally friendly. Put in the context of VRP, L&T
activities contribute significantly to environmental pollution such as emission of greenhouse
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gases (GHG). Some of these greenhouse gases (GHG’s) are CO2 (Carbon dioxide), N2O

(Nitrous oxide), CH4 (Methane). Around a quarter of domestic CO2 and other GHGs emitted
in the UK come from transport (Department for Transport, 2011). Urbanisation is considered
a critical factor in the increase in the amount of GHG emitted from transportation, and
according to the report by the European Conference of Ministers of Transportation (1999),
the increase in transportation modes is expected in be on the rise with road and air transport
taking the lead. Consequently, road transportation activities are inherently accompanied
by many direct and indirect costs. Direct costs such as oil/energy price, vehicle fixed and
variable costs and indirect costs such as the congestion, and safety-related costs. However,
these indirect costs are usually hard to measure or quantify in monetary terms; therefore,
they are mostly unaccounted for (Eskandarpour et al., 2015). Additionally, government
regulations may be needed to ensure that L&T providers cover environmental and social
factors . For this reason, companies and logistics providers are always seeking efficient ways
to deliver goods and services to their customers that minimise these negative impacts.

1.1.1 Environmental impacts of L&T

Regarding the environmental impact, pollution does not only affect quality of life in health
terms but also, on the growth of the economy. These impacts include but are not limited
to noise pollution, GHG emissions, and water pollution, thus contributing to the depletion
of natural resources. An innovative idea to this reduce some of the effects of L& T is the
electrification of the automobile. This innovative idea is gaining popularity as an effective way
to significantly reduce emissions at the roadside and increase environmental sustainability.
In this regard, some researchers have proposed the use of alternative fuel vehicles (AFVs).
However, AFVs have some limitations such as limited driving ranges and limited recharging
stations (Erdoğan and Miller-Hooks, 2012). Although AFVs and other e-mobility transport
sources are gaining increase in popularity, there is an increased impact on the electricity
supply system . This has a profound impact on the pressure electric power request to the
grid because, there is a high chance that there could be a large number of vehicles connected
(plugged in to charge) (Perujo and Ciuffo, 2010). This can have an impact of CO2 emissions.

Intermodal or multimodal freight transportation is commonly suggested as a measure for
greener logistics operation Eng Larsson and Kohn (2012) because it allows for the successive
use of different modes of transportation such as rail, road, air and sea to take advantage of
each mode’s specific benefit Demir et al. (2016). An advantage of this transportation approach
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is in order to reduce greenhouse gas emissions that may result from for instance, traffic
congestion problems when road freight transportation is used as the sole mode Baykasoğlu
and Subulan (2016). Research into intermodal transportation problems range from hazardous
material transportation to passenger intermodal transport Abbassi et al. (2019).

1.1.2 Social impacts of L&T

When viewing the social aspect from a road-safety (accident risk) perspective, road accidents
have a direct and substantial effect on the residents of a city. For instance, accidents can
cause pain, grief and suffering to the casualty. In addition, it can result in loss of economic
output, damage to property and vehicles, insurance and administration costs among others.
According to Wang et al. (2016); Xie et al. (2013), speed variations are directly related to
accident risk for pedestrians and vehicles. Also, having multiple traffic lights may encourage
drivers to carry out dangerous manoeuvres to avoid them, which deteriorates the road safety
(Xie et al., 2013). According to the European Road Safety Observatory, over 4,800 people
were killed in collisions involving heavy vehicles in 23 EU countries in 2008 (European
Transport Safety Council, 2011).

Consequently, companies and regulators affirm that driver fatigue is one of the most influential
factors on road accidents. Other causes are distractions, drink driving, and high speed
(Adminaite et al., 2017). Recently, a set of regulations have been established through
legislative decisions concerning driving, working hours and rest times, to tackle driver fatigue
improving the working conditions (European Transport Safety Council, 2011). In addition,
for companies to ensure they meet their corporate social responsibility, employee equity
and safety has to be addressed. Regarding transport companies, achieving a reasonable
balance in routes according to driving time, vehicle load, and driving distance is considered
suitable. Typically, transport companies pay drivers according to working hours, therefore, to
ensure fairness, encourage job satisfaction, employer loyalty, and commitment, a reasonable
balance between driver working responsibilities should not be ignored. Tactical and strategic
management decision measures can also be effectively implemented for socially sustainable
logistics operations. For instance,measures such as driver training and education can help in
changing driver behaviour and delivery time schedule of Heavy Goods Vehicles (HGV)can
be restricted to early mornings or late nights especially in pedestrianised areas. In summary,
social impacts of logistics’ activities, which consider the human factor in transportation, are
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not usually regarded as part of economic or environmental impacts. When these concerns are
translated into monetary values, measuring some of these impacts face some impracticality.

1.2 Motivation and related efforts

Companies are required to become more sustainable in their activities; this means that
companies should strive to achieve a suitable balance between these sustainability dimensions:
economic, environmental and social in their processes. These impacts can be seen from
the VRP perspective depicted in Figure 1.1 as an interaction and intersection between the
economic, environmental and social priorities. The sustainable VRP takes into consideration
the concerns of different decision makers from the viewpoint of each dimension. For instance,
a profit chasing logistics company is mostly concerned with the vehicle operating costs while
an environmentalist is more concerned with the ecological impact of L&T activities. On
the other hand, sustainable transport planning should aim to achieve long-term economic
efficiency, environmental enhancement and social equity (Litman, 1999). However, providing
tools that may aid the planning process is challenging. In this thesis, the three dimensions of
sustainability in freight transport; economic, environmental, and social dimensions which
are shown in Figure 1.1will be addressed. Other sustainability indicators can be investigated
and included. However, for the purpose of this research, the sustainability indicators that
have been assumed is primarily because some of the other sustainability factors could be
problematic to quantify. The need for adequate models that consider these sustainability
dimensions in deterministic and stochastic environments and efficient solutions methods
greatly motivated this work.
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Figure 1.1 Dimesnions of sustainable VRP.

Recently, operational research methods have been proposed to provide innovative approaches
to aid the decision maker in the decision-making process of finding solutions for complex
real-world freight transportation problems. In some works, the main optimisation objective
is aimed at minimising costs such as travelling costs relating to driving hours, CO2 emissions
cost, and distance related costs. On the other hand, some works focus on the maximisation of
profit, quality, and efficiency (Talbi, 2009).

As a result of the complex nature of such real-world optimisation problems, several re-
searchers have proposed state-of-the-art operational research methods to solve such problems.
In this line, randomised algorithms have developed and implemented for instance, Belloso
et al. (2017); Grasas et al. (2017); Juan et al. (2010a,b) combine heuristics/metaheuristics
with an intelligent skewed technique to efficiently solve complex combinatorial optimisation
problems.

In some studies, a speed optimisation technique is one of the ways proposed to the handle
time-varying nature of road conditions caused by events such as rush-hour traffic or weather
conditions (Bektaş and Laporte, 2011; Dabia et al., 2017; Demir et al., 2014c). This time-
varying nature of road conditions results in traffic congestion and if not taken into account
during routing and scheduling may result in route failures. In addition, delivery scheduling
in the presence of customer delivery time window is challenging and costly, when not
all-significant information is known in advance. When uncertainties about the transportation-
activity-related information exist, the problem becomes more complicated. Information such
as random travel and service times, road conditions, map accuracy, and customer presence
are examples of uncertainties that create additional scheduling challenges. Uncertainty in
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information such as travelling time depends on the traffic conditions, speed variations, road
accidents, weather conditions, peak-hour traffic, and road construction among others.

Consequently, these uncertain factors have a direct influence on the routes performance
which forces planners to account for uncertainties during route planning (Duygu Taş, 2014;
Lecluyse et al., 2009). In some studies, a probability distribution is typically employed to
tackle data uncertainty. This is usually obtained from the collection of historical data or
by using simulation techniques. For instance, Chen and Zhou (2010) proposed discrete-
time Markov chains to model the uncertainty on the travelling time and its relation with
car accidents and supply chain performance and Eshtehadi et al. (2017) put in evidence
the impact of travel time and demand uncertainty on CO2 emissions and economic costs.
Besides, when customer demand is unknown, probabilistic estimations are usually employed
to compute an expected cost of the distribution routes (Ritzinger et al., 2015). Stochastic
demand is one of the most important and realistic attributes for the VRP, due to rapid changes
in the demand which have a strong influence on service levels and any logistics performance
(Juan et al., 2014b)

1.3 Research scope

Despite the social and environmental importance as regards sustainability issues, a small
number of studies considers all three dimensions: economic, environmental and social in
logistics and transportation problems. Thus, few studies are focused on the trade-offs among
these dimensions, and a smaller portion of them study the impact of stochastic data during
and after the design of the routes. In this thesis, some VRP variants and particularities
from the real world will be gathered in order to close the gap between sustainability issues
and transportation. Additionally, some focus will be on uncertainty in travelling times and
customer demands. In particular, this thesis focuses on a Sustainable Capacitated Vehicle
Routing Problem with: (i) Two Dimensions (SCVPR-2D); (ii) Three Dimensions (SCVRP-
3D); (iii) SCVRP-2D, with uncertainty in travel times (SCVRPST-2D) and (iv) SCVRP-3D
with uncertainty in travelling times and demands (SCVRPSTD-3D).

The new costs studied in this work are related to emissions cost of conventional vehicles,
fuel cost, drivers costs, vehicle fixed costs, and accident risk costs (safety cost). Safety costs
are not easy to estimate and for this reason, some monetary values extracted from Muñoz-
Villamizar et al. (2017) have been obtained and adapted. In summary, for the problems
described in this research, novel optimisation models and solution methods that can aid
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decision-makers when making tactical and strategic scheduling decisions regarding logistics
and transportation and other real-life optimisation problems are developed. Some of the
proposed optimisation models and methods consider sustainability in the presence of random
information. Furthermore, the proposed optimisation models will be implemented to measure
the impact of each problem dimension to offer the decision maker a choice of alternative
solutions.

1.4 Research aims and objectives

As previously highlighted, due to the importance of sustainability issues in freight trans-
portation planning, the primary objective of this research is to evaluate the impact of three
sustainability indicators in the context of the VRP. The primary objectives set out for this
research work are:

• To review the current state-of-the-art literature in the vehicle routing problem domain
particularly regarding "sustainable" practices.

• To propose and implement operational research solution methods to solve the deter-
ministic CVRP model with economic and environmental objectives.

• To develop a detailed weighted optimisation model that represents the CVRP with
three sustainability dimensions (economic, environmental and social).

• To propose and implement operational research solution methods to solve the weighted
optimisation model with economic, environmental and social objectives.

• To propose and conduct technical sensitivity analysis to help determine which, if any
of the input parameters in the weighted optimisation model has a critical influence on
the overall model performance.

• To develop a stochastic optimisation model that considers economic and environmental
impacts for the CVRP under random travelling times information. This model takes
into account failures that may occur and tries to minimise penalty costs that may be
incurred.

• To develop a stochastic weighted recourse model that considers the economic, envi-
ronmental and social impacts for the sustainable CVRP under random travelling times
and demands information.
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• To propose and implement operational research solution methods such as heuristics,
metaheuristics and simulation techniques to solve the proposed stochastic models.

• To investigate and suggest exciting areas for future research.

• To recommend the use of the developed models and methods in Decision Support Sys-
tems (DSS) to assist with analysis and decision-making in real-world L&T problems.

1.5 Contribution

Most of the published works in the literature only focus on economic impacts and recently
include environmental impacts of transportation activities while very little attention is given
to the social impacts. Accordingly, one of the primary contribution of this thesis is to develop
optimisation models that adequately capture the sustainability issues in VRP. Another key
contribution of this research is to propose and implement fast heuristics and metaheuristic
methods (hybridised randomised algorithms) to solve our proposed models. To the best of
our knowledge, the SCVRP-3D, SCVRPST-2D, and the SCVRPSTD-3D have not yet been
addressed in the literature. To achieve the objectives described in the previous sub-section,
a series of original contributions are achieved. The main contributions highlighted in this
thesis are as follows:

i. This thesis provides a critical and comprehensive review on the methodological ad-
vances in VRP with sustainability issues, focusing on economic, environmental and
social impacts.

ii. This thesis identifies some research gaps previously described and proposes the follow-
ing to close the gaps:

(a) A Biased Randomised heuristic (BR-CWS) with Departure time and speed opti-
misation for the SCVRP-2D.

(b) An Iterated Greedy Local Search (IG-LS) with departure time and speed optimi-
sation approach for the SCVRP-2D.

(c) Integration of the Biased Randomisation techniques into an IG-LS framework
(BRIG-LS) enhanced with Departure time and speed optimisation for the SCVRP-
2D.

(d) Development of a stochastic recourse optimisation model for the SCVRPST-2D.
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(e) Integration of Monte Carlo Simulation techniques (MCS) with BRIG-LS (Sim-
BRIGLS) for the SCVRPST-2D.

(f) Development of a novel deterministic optimisation model for the SCVRP-3D.

(g) Implementation of the BRIG-LS algorithm for the 3D-CVRP.

(h) Development of a novel stochastic recourse model for SCVRPSTD-3D.

(i) Implementation of the Sim-BRIG-LS for the SCVRPSTD-3D.

iii. In this thesis, some interesting future research directions with particular relevance in
real-world transportation problems are highlighted.

1.6 Organisation of thesis

This thesis discusses several issues concerning the Sustainable Capacitated Vehicle Routing
Problem (SCVRP). The general idea is to provide the reader with a theoretical understand-
ing and benefits of considering sustainability issues in VRP. In addition, it will offer the
decision-maker with insight into strategic operation techniques in addition to solution meth-
ods for solving the SCVRP. In real-life, vehicle routing may encounter random information.
Although modelling such problems can be difficult and finding good quality solutions to
such issues is equally computationally expensive, simulation techniques to simulate some
uncertainty scenarios to provide estimated values is proposed.
Chapter 1: Background and Motivation: This structure of this chapter is as follows; the
concept of sustainability in the context of vehicle routing is described and the motivation for
this research provided, and the research aims and research objectives are defined.
Chapter 2: Literature review and research gap: This chapter aims to provide a literature
review to help understand the problem from an academic context. Relevant studies available
around the CVRP together with richer versions of the CVRP which tackle sustainability ob-
jectives and solution methodologies are presented for a clearer understanding of the problems
proposed in this thesis. Lastly, the research gap in the literature is presented, and the chapter
is summarised in the conclusion.
Chapter 3: The Biased Randomised Clarke and Wright Savings (BR-CWS) heuristic for the
Capacitated Vehicle Routing Problem with 2-dimensional sustainability impact SCVRP-2D:
a probabilistic savings heuristics centered on the Clarke and Wright Savings (CWS) heuristic
for the SCVRP-2D is proposed. Characteristically, this heuristic has the advantage of being
fast to execute while generating relatively good quality solutions.
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Chapter 4: The Iterated greedy-Local Search (IG-LS) with Departure time and speed opti-
misation approach for the SCVRP-2D: a straightforward integration of the IG heuristic with
local search and apply the Clarke and Wright Savings (CWS) heuristic to generate an initial
solution for the SCVRP-2D is proposed. The IG heuristic has been proven to generate good
quality solutions for flow-shop problems.
Chapter 5: The combination of the BR-CWS with the IG-LS (BRIG-LS) for solving the
SCVRP-2D: a hybridisation of the randomised algorithm proposed for the deterministic
problem with the IG-LS algorithm is designed. The algorithm is able to compete with state
of the art algorithms for the problem, with relatively low execution times.
Chapter 6: The BRIG-LS for solving the Capacitated Vehicle Routing Problem with 3-
dimensional sustainability impact (SCVRP-3D): here, an adaptation of the BRIG-LS al-
gorithm is proposed for the novel SCVRP-3D optimisation model and its performance is
evaluated.
Chapter 7: The Sim-BRIG-LS algorithm for the Capacitated Vehicle Routing Problem with
2-dimensional sustainability impact under stochastic travelling times (SCVRPST-2D): a novel
optimisation model for the SCVRPST-2D is developed. In addition, a hybrid randomised
algorithm with the Monte-Carlo simulation technique is developed and implemented. With
that,robust solutions to the problem can be obtained.
Chapter 8: The Sim-BRIG-LS algorithm for the Capacitated Vehicle Routing Problem
with 3-dimensional sustainability impact under stochastic travelling times and demands
(SCVRPSTD-3D): a novel optimisation model for when travelling times and demand are
stochastic is developed. Following that, an implementation of the Sim-BRIG-LS with an
improved local search technique is perfomed.
Chapter 9: Conclusion and future work: In this chapter, a summary of computational results,
the implications of the findings and conclusions based on the findings is given. Additionally,
specific contributions made in this research, as well as research limitations, is presented and
recommendations for future work are discussed.

1.7 Conclusion

In this chapter, a clear description of the problem addressed in this thesis is provided. An
introduction and a general background into the problem is given. Furthermore, the thesis
objectives, research gap, contribution and a brief explanation of this research structure is
provided. Also, the relation of routing optimisation in context sustainability in transportation
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and logistics operations is presented. In the next chapter, a detailed review of the literature
to help understand the academic context of this optimisation problem and some of the most
relevant variants in the literature will be presented. More details on the main contribution of
each implementation chapter will also be highlighted within that chapter.
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Chapter 2

Literature Review

2.1 Introduction

According to Salimifard et al. (2012) amongst all other forms of transportation, road trans-
portation is the most relied upon by companies due to its ease of use regarding flexibility, cost
and delivery response time. In a bid to achieve a sustainable/green transportation network,
planning and designing of better routing and scheduling of vehicles become undeniably
important. For this reason, techniques employed by practitioners to efficiently approach
transportation activities to minimise the economic, environmental and social effects is gain-
ing continuous attention. In the road transportation sector, companies try to find the most
efficient use of "vehicles" to move goods and services from one point to another. This type
of problem is typically referred to as the Vehicle Routing Problem (VRP). For the purpose
of this chapter, only the most relevant VRP variants (to aid the reader to have a theoretical
understanding of the problem background) are reviewed in three parts; (i) Deterministic
VRP and a brief description of the solution methods; (ii) VRP with stochastic demand and
VRP with stochastic travelling times studies and solution methods; and (iii) Vehicle Routing
Problems with sustainability dimensions.

The rest of this chapter is organised as follows. In Section 2.2, a review related deterministic
VRP literature is given and in Section 2.3, a review of some stochastic variants relevant to this
work is presented. Section 2.4, gives an overview of the relevant work around sustainability
in VRP including some of the applied solution methods. Finally, in Section 2.5, a summary
of this chapter is presented.

13



Literature Review

2.2 Deterministic VRP

The VRP is an NP-hard combinatorial optimisation problem that involves the distribution
of goods and services from an origin point to an endpoint. Over the years, the VRP has
generated much interest in the OR community. It was first investigated over 50 years ago by
Dantzig and Ramser (1959). This type of problem has since evolved with different variations,
and these different variants of the VRP arise as a result of using different optimisation criteria
such as the minimisation of distance, load, routing cost, route travelling time or fleet size,
and constraints such as the maximum vehicle capacity as well as other optimisation goals.
When the VRP is characterised by the availability of vehicles with limited capacity, it is
referred to as the Capacitated Vehicle Routing Problem (CVRP). However, when the VRP
considers customers with delivery time-slots, it is referred to as the Vehicle Routing Problem
with Time Windows (VRPTW). Each customer can only be served within a specified time
frame but sometimes, early arrival at a customer location is allowed with waiting until
a time ui for service to start. However, a late arrival at customer after time li may not be
allowed. Additionally, when the time windows are assumed to be flexible, this will require the
imposition of penalties for any time window violation (VRP with soft time-windows)(Toth
and Vigo, 2002). There are several variants of the VRP in the literature, however, a literature
review of all the variants is beyond the scope of this thesis. For the purpose of this research, I
focus on the CVRP.

A detailed study of VRPs has been presented in Braekers et al. (2016) and review of the
advancements in VRPs regarding additional constraints and some real-world objectives
referred to as Rich VRP is presented in Caceres-cruz et al. (2015).

2.2.1 The Capacitated Vehicle Routing Problem (CVRP)

The Capacitated Vehicle Routing Problem (CVRP) is a well-known problem in the operation
research community. This type of problem is an NP-hard combinatorial optimisation problem
characterised by the availability of a set of identical vehicles with limited capacity. These
vehicles are typically located at a central depot which will be allocated to a set of customer
locations to serve customer demands. To formally describe the CVRP, consider a complete
undirected graph set G = (N,A) representing a set of nodes,where i = 0 represents the depot
and nodes i = (1,2, . . . ,n) corresponds to the customers. Another set A of arcs represents
a set of edges connecting each pair of nodes where A = (i, j)i, j ∈ N, i ̸= j and each node
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i ∈ N−{0} has a non-negative demand qi. A fleet of M homogeneous vehicles denoted
by M = (1,2, . . . ,m) each with a maximum load capacity Q is available at the depot. Each
vehicle travelling from i to j has an associated cost ci j which represents the cost of sending
a vehicle m from node i to node j. This cost ci j is normally expressed as the travelling
distance (di j) (Toth and Vigo, 2002). When ci j = ci j, the cost of travelling between nodes i

and j is assumed to be symmetric. However, when ci j ̸= ci j , the cost is said to be asymmetric.

In the classical CVRP, the objective is to find a set of least cost routes that ensure all customer
demands are met without exceeding vehicle capacity, each customer is visited exactly once
by not more than one vehicle, no sub tour allowed, and routes must start and end at the depot.
Chandran and Raghavan (2008) proposed a particular case of the CVRP called a Capacitated
Vehicle Routing Problem on Trees where they assumed each vehicle route is a tree and sub
tours are allowed.

CVRP has evolved with different variations over the years, and these different variants of the
CVRP consider additional attributes such a mix in the fleet type, multiple depots, multiple
periods and environmental pollution. It should be observed that though these CVRP variants
are classified distinctly, they still have close relationships or similarities.

2.2.2 Solution methods for Deterministic VRPs

According to Laporte (2009), Reasearch into VRP solution methods have developed in exact
algorithms and heuristics. Also, highly practical mathematical programming approaches
and powerful metaheuristics for the VRP have been proposed. Several solution approaches
which may be adopted to solve other VRP variants describing real-world problems have
been proposed in (Laporte et al., 2000). In the early 70’s, most VRP problems were solved
manually using human expert schedulers. Later on, new methodologies started to evolve.
These methods are classified into two categories namely, exact methods and approximate
methods (Talbi, 2009).

2.2.2.1 Exact methods

Due to the complex nature of VRPs, exact methods generate optimal solutions to small size
problems hence the development of approximate methods for solving routing and scheduling
problems. Solution methods for the VRPs exist which were mostly based on branch-and-
bound algorithms with some necessary combinatorial relaxations. Christofides et al. (1981)
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proposed the first branch-and-bound algorithm based on the degree-constrained spanning
tree relaxation to solve a relatively small-size problem instance. When solving CVRPs to
optimality, exact methods are typically implemented. The most common exact methods used
for solving the CVRP is the branch-and-bound method. A detailed review of the methods
based on the branch-and-bound, branch-and-cut and branch-and-cut-and-price is presented in
(Baldacci et al., 2007; Naddef and Rinaldi, 2002; Toth and Vigo, 2002). A general overview
of exact, heuristic and metaheuristic methods is given in El-Sherbeny (2010).

2.2.2.2 Heuristic methods

A heuristic is a method which finds good quality solutions within a reasonable computation
time, however, the solutions do not guarantee optimality (Reeves, 1993). Several heuristic
methods have been proposed since the 1960’s. Kirkpatrick et al. (1983) stated that there
are two basic strategies for heuristics: "divide-and-conquer" (construction heuristics) and
iterative improvement (improvement heuristics). The first one generates an initial solution
sequentially or in parallel, and the later divides the problem into sub-problems of manageable
size and then solves the sub-problems. The solutions to the sub-problems must then be
patched back together. Even though classical heuristics perform a limited exploration of the
search space, they are simple to understand and implement, and they provide relatively good
solutions in reasonable computation time. According to Vidal et al. (2013) heuristics can
obtain good quality solutions to a problem within short computation time, but there is no
guarantee optimal solutions are reached and Cordeau et al. (2002) stated that a good VRP
heuristic has to possess these four qualities: speed, simplicity, flexibility and accuracy. A
detailed review of route construction and solution improvement heuristics can be found in
Bräysy and Gendreau (2005). The most widely used construction heuristic is the Clarke and
Wright Savings heuristic (CWS).

The Clarke and Wright Savings Heuristic

The CWS heuristic was first proposed by Clarke and Wright (1964) on the concept of
‘savings’. In this algorithm, the initial solution is constructed such that every customer is
visited by one vehicle each that means that there is the need for one vehicle per customer.
This is not feasible, therefore; routes are combined and recombined considering the savings
in the route merges to obtain feasible combinations. At any given iteration, the combination
of two routes that leads to the highest savings is inserted into a savings list and updated in
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descending order with the route combination with most savings at the top of the list. The
parallel method of the algorithm uses the merge that results in the most considerable savings
and updates the savings list while the sequential version continues the expansion of the
current route until it becomes infeasible. Several new extensions of the CWS heuristic have
been proposed. Gaskell (1967) introduced a new parameter λ as a route shape parameter to
avoid producing superficial routes especially if the problem is a CVRP. However, there arises
the problem of parameter value setting, hence McDonald (1972) argued that any fixed value
of λ produces good results and no value of λ would perform better than the other. Also,
Golden et al. (1977) suggested that when using the route shape parameter, only certain route
edges linking a pair of nodes should be selected rather than all the linked edges between the
pairs of nodes. Later on, Golden et al. (1984) proposed to solve the fleet mix VRP using an
Optimistic Opportunity savings (OOS) and a Realistic Opportunity Savings method (ROS)
and also another method that introduces randomness into the ROS algorithm ROS-γ which
is based on the route shape parameter proposed by Gaskell (1967). This ROS-γ provided
the best solution amongst all the tested algorithms. As reported by Laporte et al. (2000),
several applications of the savings method have been used to solve complex VRP instances.
In later years, the savings-based methods are still popular methods used to solve VRPs. For
example, Faulin (2003) proposed a so-called mixed algorithm (MIXALG) and a variant of the
savings heuristic method (ALGACEA) to optimise routing costs. For the routing aspect of the
problem, the ALGACEA method selects customers and assigns them to vehicles after which
the generated solution is improved upon solving a travelling salesman problem for each route.
In 2010 Juan et al. propose a multi-start randomised approach, called Simulation in Routing
via the Generalized Clarke and Wright Savings heuristic (SR-GCWS), to transform the CWS
from its deterministic nature to a probabilistic one.

2.2.2.3 Metaheuristic methods

While heuristics provide good enough solutions by performing a search in the neighbourhood
of the solution space, it typically suffers from getting stuck in local optimum by not accepting
a worse move. On the other hand, metaheuristics perform robust exploration within the
solution space trying to escape being trapped in the local optimum by accepting worse moves.
Glover and Laguna (1997) define a metaheuristic as: "A master strategy that guides and

modifies other heuristics to produce solutions beyond those that are normally generated in

the quest for local optimality”. According to Blum and Roli (2003), metaheuristics have
two fundamental characteristics which are: diversification and intensification. Solution
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search diversification refers to the wider exploration of the search space, while intensification
focuses on an intensified search within solution space. In fact, for an efficient metaheuristic,
the balance between diversification and intensification is vital. Metaheuristics are generally
classified into single solution based approaches for example, (simulated annealing and Tabu
search) and population-based approaches (Genetic algorithms, particle swarm optimisation
and ant colony optimisation). The mentioned metaheuristic methods are only some examples
from the literature.

2.3 Stochastic VRP

When random data is assumed in the VRP, the VRP is said to be a stochastic VRP (SVRP).
In general, the stochasticity in the availability of data for the vehicle routing problem occurs
when some routing information may be uncertain or unclear before route planning (Chen
and Zhou, 2010). The SVRP in comparison to the deterministic VRP has been relatively less
researched due to the additional complexity introduced by randomness of information in the
problem data (Goodson et al., 2012). The most studied SVRPs are those involving;

i. stochastic customers, where a customer needs to be serviced with a given probability
(Bertsimas, 1988; Waters, 1989).

ii. stochastic travel times, in which the service or travel times are modelled by random
variables (Kenyon and Morton, 2003; Laporte and Louveaux, 1993).

iii. stochastic demands, where customer demands are known as probability distributions
(Christiansen and Lysgaard, 2007; Laporte et al., 2002; Sun, 2014).

In general, the SVRP is based on finding solutions when some information about the problem
is unknown or ambiguous. Several researchers have applied different models and solution
approaches to solve the SVRPs. The two most popular modelling approaches are the Chance
Constrained Problem (CCP) (Charnes and Cooper, 1959; Miller and Wagner, 1965) and
the Stochastic Programming with Recourse (SPR). The CCP is based on the reliability of
solutions by assigning some control (probability of success) to specific constraints to avoid
violations. In the SPR, route failure may occur, and recourse actions have to be taken to repair
the failure route. For instance, a route failure can occur when the total realised travelling
time (hours) of a vehicle (route) exceeds the allowable duration of driving time. If this failure
occurs, a recourse action will be in the form of a penalty cost associated with the cost of
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overtime hours; this is usually the overtime pay for the driver cost per time unit of overtime.
In the case of uncertain demand, the recourse action requires that, if a pre-planned route
failure (i.e., there is some unmet demand), then the vehicle must return to the depot for
replenishment and resume the pre-planned route. This is generally known as the traditional
corrective action.

Similarly, other recourse actions have been proposed in the literature. The second most
popular one is known as the preventive action. A preventive action is applied to lessen
the risk of a route failure occurring. For instance, at certain predefined stages during the
route execution, the current vehicle state is assessed to determine if a return trip to the depot
is required in order to avoid a failure. Additionally, Dror and Trudeau (1986) propose a
recourse action where; if a route failure occurs, the unserved customers on the failed route
will be reassigned to be served by a single vehicle each. Specifically, the recourse model aims
to find a solution that minimises the total expected cost of a solution. This total expected
cost is normally represented as the actual costs of the routes before failure occurs as well
as the penalty costs incurred as a result of routes failure. SPR is modelled as a two-stage
problem. In the first stage, an a priori solution is generated before the random variables are
realized. The second stage problem is re-optimised to minimise the expected costs of failure.
A comprehensive description of the scientific literature on SVRP variants and their solution
methods are provided in Gendreau et al. (2014); Oyola et al. (2016, 2017).

2.3.1 Vehicle Routing Problem with Stochastic Demands (VRPSD)

The VRPSD is a well-known NP-hard problem (Bastian and Rinnooy Kan, 1992) charac-
terised by some customers with random requests to be served by a fleet of homogeneous
vehicles with limited capacity. The random request of each customer follows a well-known
theoretical or empirical probability distribution with a known mean. In this variant of the
VRP, a typical scenario is when the realised demand at the customer location exceeds the re-
maining vehicle capacity. This means that upon arrival at the customer location, if the vehicle
capacity is exceeded, a route failure occurs. When a route fails, recourse actions which are
generally represented as penalties associated with the unsatisfied customer demands. From
another view, if a route failure occurs, the vehicle on the failed route will be required to
return to the depot to replenish its supply and resume the route following the initial plan.

19



Literature Review

Figure 2.1 Illustrative example VRPSD failure and corrective actions.

As shown in Fig.2.1, the vehicle travelling on Route 1 fails to meet the demand of the
last customer. This then forces the vehicle to travel back to the central depot at that point
terminating the remaining route and restarting the route from the central depot back to the
failed customer before finally returning to the depot. The cost for a route travelled during a
particular period is calculated as the sum of all the arcs starting from a central depot to all
the customer nodes in that route. If a route failure occurs at a customer node, the cost of that
route is then the sum of all the arcs traversed plus an additional penalty cost for the failed
node(s).

Regarding the modelling standard for the VRPSD, some researchers proposed to use recourse
models. For instance, in Tillman (1969), penalties are incurred whenever a vehicle is filled
over capacity. Similarly, Bertsimas (1992) presented an a priori optimisation sequence to
obtain minimal expected distance and the expected value of demand that may be realised
upon arrival at the customer. Chang (2005) Proposed a two-stage recourse model. The first
stage model contains the total cost of the aprioristic solution and the second stage model
computes the expected recourse costs. In 2006, Novoa and Storer proposed a recourse
strategy formulated based on set partitioning to solve the VRPSD. Using test instances from,
their results outperform the best-known solutions in Savelsbergh and Goetschalckx (1995)
with improvements of up to 0.22% achieved in 13.76 minutes. Moreover, several researchers
proposed recourse models for the VRPSD (Juan et al., 2011; Marinakis et al., 2013; Sungur
et al., 2008; Tang and Wang, 2006).
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2.3.2 Vehicle Routing Problem with Travelling Times (VRPSTT)

The VRPSTT is perhaps one of the most challenging but realistic variants of the VRP, in
which the travel time between every node pair is a random variable related to traffic jam,
road maintenance or weather conditions. Laporte et al. (1992) presents one of the early
works to propose a variant of VRPSTT where a chance-constrained programming model
and a recourse model were proposed to solve the problem. The chance constraint model
restrictions the probability of the duration of the route exceeding a given limit. Furthermore,
they suggested that travel times can be assigned a discreet value within five discrete states.
Thomas and White (2007) proposed a discrete time Markov chains to model the uncertainty
of travelling time data arising from rare events such as car accidents. In 2009, Shao et al.
also proposed a chance-constraint programming and compensation model to tackle stochastic
travelling times.

Woensel et al. (2007) developed a novel modelling approach to highlight the presence of
variation in travelling time resulting from traffic congestion. The traffic congestion component
was modelled based on the queueing theory, to study the stochastic behaviour of travel times.
Expected travel times for this model were generated from the distance and speed in each time
slice and variance of the travel time was calculated to evaluate routes on the risk involved.
Based on the work in Woensel et al. (2007), Lecluyse et al. (2009) presented an extended
objective function. They suggested to include variability of traffic flow into the model to
capture to the uncertainty of travelling times on routes.

In 2009, Connors and Sumalee considered a modelling framework where the perceived value
and perceived probabilities of travel time outcomes are obtained via nonlinear transformations
of the actual travel times and their probabilities. Based on maximising the observed values,
the analysis proved that there was only one existence of equilibrium. In a later study, Chen
and Zhou (2010) modelled a novel α-reliable mean-excess traffic equilibrium in which both
reliability and unreliability aspects of travel time variability in the route choice decision
process are considered. A route-based traffic assignment algorithm via the self-adaptive
alternating direction method was used to solve this inequality problem.

When additional limitations such as time windows are considered, the VRPSTT becomes even
more complex. In this regard,Taniguchi et al. (2001) proposed a dynamic flow simulation to
estimate travelling times distribution for a vehicle routing and scheduling problem with time
windows-probabilistic. The considered objectives of the problem are to minimise the vehicle
fixed costs, variable cost, and any time window violation penalties. If a vehicle arrives before
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the beginning of the time window, it has to wait, and this will incur a penalty cost proportional
to the wait time. In addition, if the vehicle arrives after the end of the time windows, a penalty
cost equivalent to the delay is incurred. Also applying a penalty based formulation, Ando and
Taniguchi (2006) presented the VRPSTT with time window limitations. The penalty costs
incurred in their work are additional costs incurred due to time windows violation. Li et al.
(2010) considered additional stochastic dimension and suggested two formulations where
travel times and service times are stochastic. In the same way, Duygu Taş (2014) modelled
travelling times as random variables with a known probability distribution. The objective
of the problem is to minimise the number of vehicles used, penalties due to time windows
violations and the total distance travelled. Models in these studies emphasized on the effect
of customers time window violation and considered all cost components together regardless
of their relations and differences.

Some researchers consider the use of simulation techniques such as Yan et al. (2014) where a
simulation-based technique is used to evaluate the performance of the stochastic solution by
transforming deterministic travelling time values from Yan et al. (2012). On the other hand,
Lee et al. (2012) obtain robust solutions by replacing deterministic travelling times with
an uncertainty set as opposed to a probability distribution. They consider a situation with
customer deadlines (i.e., a late time window), so their approach cannot be directly applied
to situations with early time windows. For most problems with stochastic travelling times
that include time windows, authors use a recourse model. In a recourse model, arrival times
before and after the customer time windows are discouraged via penalties in the objective
rather than hard constraints. In some VRPSTT studies, solution reliability are examined. For
instance, Lecluyse et al. (2009) applied standard deviation of the travelling times which helps
guide the solution to choose more reliable routes.

2.3.3 Solution methods for Stochastic VRPs

For decades, the operations research community has dedicated great effort into developing
solution methods to address these problems. A good overview of models and solution
methods for some stochastic VRPs variants including VRPSTT and VRPSD is given in
(Gendreau et al., 2014).
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2.3.3.1 Exact methods

To solve VRPSTT, Laporte et al. (1992) proposed a branch-and-cut algorithm to solve
problems with up to 20 vehicles. For the VRPSD, Gendreau et al. (1995); Laporte and
Louveaux (1993, 1998) proposed an integer L-shaped method to solve the problem to
optimality. To reduce CPU time, Hjorring and Holt (1999) introduced a tight lower bound
into the integer L-shaped method to solve and obtain optimal solutions to a multiple VRPSD.
Later, Laporte et al. (2002) incorporate new inequalities into the integer L-shaped method
and were able to solve instances with up to 4 vehicles and 25 customers. A generalisation
of the partial routes concepts proposed by Hjorring and Holt (1999) for the single-vehicle
case and the multi-vehicle case by Laporte et al. (2002) was proposed by Jabali et al. (2012).
Using an exact separation algorithm defined for their proposed Lower Bounding Functionals,
computational results indicated that approach can obtain optimal solutions for 87 instances
out of the 270 tested benchmark instances. Later on, Jabali et al. (2014) extended the integer
L-shaped algorithm to solve the VRPSD with three additional Lower Bounding Functionals
based on the generation of general partial routes. A more recent application of an exact
method to solve the VRPSD is present in Gauvin et al. (2014). They formulated as a set
partitioning model for the VRPSD with additional constraints and proposed a state-of-the-art
branch-cut-and price algorithm to solve the problem. Extensive computational experiment
results show that their method achieved quite competitive results with the method presented
in Christiansen and Lysgaard (2007).

2.3.3.2 Heuristic methods

The first implementation of the CWS heuristic to solve the VRPSD with multiple depots is
due to Tillman (1969). Another modification of the CWS heuristic was presented in Dror
and Trudeau (1986) to solve the VRPSD and Juan et al. (2011) implemented the biased
randomised CWS with MCS in a multi-start framework with the additional provision of
safety stock to tackle expected demands. A recent application of the CWS to solve stochastic
team orienteering is proposed in Panadero et al. (2018).

2.3.3.3 Metaheuristic methods

To solve the VRPSD, Bianchi et al. (2006); Yao et al. (2004) applied a simple Simulated
Annealing algorithm, Ant Colony Optimisation, Evolutionary Computation, Tabu Search
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and Iterated Local Search. In 2007, Ak and Erera proposed a Tabu Search heuristic to find
reasonable solutions to VRPSD instances with homogeneous customer demand distributions
given the alternative recourse strategy denoted by the paired locally coordinated operating
scheme. Later, Li et al. (2010) also proposed Tabu Search to solve a VRPTW with stochastic
travel and service times and in 2014, Duygu Taş solved a VRPTW where the travel times
were random variables with a known probability distribution by a Tabu Search approach.

Other authors have proposed Particle Swarm Optimisation methods, Genetic Algorithms and
Simulated Annealing to solve VRPSD and VRPSTT. In 2006, Ando and Taniguchi proposed
a Genetic Algorithm based method to solve the VRPSTT and they found that allowing for
the uncertainty of travelling times can have a significant effect on the consequent delay costs.
For VRPSTT, Tan et al. (2007) implemented a multi-objective evolutionary algorithm to
solve a multi-objective and multi-modal optimisation problem. Their multi-objective method
incorporated two VRPSD specific heuristics for local exploitation and a route simulation
method to evaluate the suitability of the results. A hybrid Particle Swarm Optimisation
was proposed in Shao et al. (2009) to solve a chance-constraint model considering vehicle
capacity. Moghaddam et al. (2012) also, proposed Particle Swarm Optimisation to solve
a VRPSD and they assumed customer demands are uncertain and with not enough detail
available to estimate the probability distribution of uncertain parameter values. In Goodson
et al. (2012) and Goodson (2015) Simulated annealing methods where implemented to solve
VRPSD.

2.3.4 Sim-Optimisation

A developing solution approach for tackling random data in Combinatorial Optimisation
Problems (COPs) is the hybridisation of optimisation methods with simulation techniques.
These types of hybridisations are generally referred to as (Sim-Optimisation). This develop-
ing area of research is fast gaining popularity due to its efficiency in generating high-quality
solutions for Stochastic Combinatorial Optimisation Problems (SCOPs). Generally speaking,
solving stochastic COPs are more challenging than their deterministic counterparts since it
represents a closer representation of real-life. Some studies have proposed a hybridisation
of simulation techniques and optimisation methods (sim-optimisation) to achieve different
objectives (Glover et al., 1996, 1999). Recent advances indicate that simulation and optimisa-
tion techniques are able to tackle COPs effectively especially in the presence of uncertainty.
One of the most popular application areas for sim-optimisation is in supply chain problems.
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In Eskandari et al. (2010), a simulation-optimisation based decision support tool is proposed
to tackle the problem of stochastic demands from the supplier and retailer point of view.
The authors found that using simulation-optimisation models offers a more precise solving
approach when tackling complex real-life problems.

A comprehensive survey on the subject of simulation-based optimisation methods has been
carried out by Andradóttir (1998); Fu et al. (2005). In Long-Fei and Le-Yuan (2013)
a theoretical review description of some important techniques for the sim-optimisation
technique in detailed. Note that, simulation contains several types, e.g. MCS and discreet-
event simulation. MCS, as shown by Juan et al. (2016), is proven to be useful for solving
complex combinatorial optimisation problem.

2.3.4.1 Sim-heuristics

The hybridisation of simulation and heuristics/metaheuristics (sim-heuristics) relies on the
assumption that, to generate expected values of the uncertain parameter, available data from
a COP in a deterministic setting or historical data will provide high-quality solutions for the
SCOP. Sim-heuristics allow the consideration of stochastic objective function and constraints
by including simulation in a metaheuristic based framework (Juan et al., 2015b). Several
authors implemented Sim-heuristics to tackle stochastic COPs, for instance, in the distribution
problem, Juan et al. (2011) proposed sim-heuristic method to solve the VRPSD where the
effect of safety stocks in routing under uncertainty is also investigated. They considered
different safety stock levels to reduce the risk of route failure. Expected costs were computed
by estimating the expected demands using Monte-Carlo Simulation technique (MCS) Thus,
between the multiple solutions generated for each scenario, the solution with lowest expected
total costs are stored as the best-found solution associated with the corresponding safety-stock
levels.

Similarly, González-Martin et al. (2015) proposes a sim-heuristic approach based on a
RandSHARP algorithm presented in González-Martín et al. (2012) to solve the Arc Routing
Problem with stochastic demands. The former is used to generate an initial solution after
which, the latter is then implemented to estimate the total expected cost and solution reliability
through the MCS technique. In 2014, Yan et al. also presented a simulation-based method to
evaluate the performance of the stochastic solution by transforming deterministic travelling
time values from Yan et al. (2012).
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Sim-heuristics have been applied to tackle other complex COPs such as Flow Shop Problems
(Hatami et al., 2018; Juan et al., 2014a), Orienteering Problems (Panadero et al., 2018),
Facility Location Problems (De Armas et al., 2017), Inventory Routing Problems (Juan et al.,
2014b) and Waste Collection Problems (Gruler et al., 2017).

Benefits of Sim-heuristics

According to Juan et al. (2015a), some benefits of sim-heuristics are:

i. Risk and reliability analysis.

The use of simulation techniques such as MCS can be used to generate information
regarding the quality of the solution. Information such as the solution reliability or
the risk of failure can be assessed based on the degree of randomness assigned. The
generated data can also be used as a form of sensitivity analysis, which could aid the
decision-maker in making suitable managerial decisions.

ii. A close representation of reality.

Sim-heuristics allow for a close representation of complex models akin to the real-
world. Indeed, new simulation models can better represent the complexity of real-life
optimisation problems.

Limitations of Sim-heuristics

Some of the most noteworthy limitations are:

i. They do not guarantee optimality.

Since metaheuristics do not guarantee optimality, naturally, sim-heuristics will inherit
this shortfall as they rely on metaheuristics.

ii. Possible computational complexity.

Simulation-based algorithms can be computationally expensive if the model is not
correctly designed. Setting the appropriate selection policy of promising solutions or
appropriate replications to be run for each promising solution can be challenging.
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2.4 CVRP with sustainability dimensions

In most VRP studies, sustainability in transportation is typically viewed in the context of
economic and environmental impacts. However, according to the current definition of sustain-
ability, the dimensions of sustainability are not only limited to economic or environmental
impacts alone. The interaction between the safety and wellbeing of the inhabitants of a
surrounding is a social dimension, which should be considered when seeking a suitable
balance between economic profitability, environmental sustainability and social prosperity.
In the context of city logistics, optimising urban logistics activities considers the social, envi-
ronmental, economic, financial and energy impacts of urban freight movement (Taniguchi
et al., 2001). According to Tang and Zhou (2012), these three-time limiters have an interrela-
tionship. For a company to practice in an economic, environmental and socially responsible
manner, a balance is essential among these three dimensions. However, this balance can
only be maintained in the long run if the firm can take a holistic approach to sustain the
financial flow (profit), resource flow (planet) and development flow (people). For this thesis,
VRP with sustainability dimensions will be classified into two categories: CVRP with two
sustainability dimensions and CVRP with three sustainability dimensions

2.4.1 CVRP with two sustainability dimensions

As previously mentioned, most recent studies only consider two sustainability impacts: (i)
economic and environmental or (ii) economic and social or (iii) environmental and social.
When only the economic and environmental impacts associated with transportation activities
are considered, this is generally referred to in VRP as the Green VRP (G-VRP). These
G-VRPs take into account broader operational constraints regarding energy consumption
minimisation, which makes the problem more complicated compared to classical VRPs.

Regarding the environmental impact, pollution does not only affect the quality of life in
health terms but also, on the growth of the economy regarding efficiency of businesses.
This impact includes but not limited to noise, CO2 emissions, air and water pollution. A
relatively new variant of the G-VRP that proposes to minimise economic costs (driver costs)
and environmental cost (fuel consumption)called the Pollution Routing Problem (PRP) was
first proposed by Bektaş and Laporte (2011) and some modifications consider the impact of
travelling time and demand uncertainty on CO2 emissions and economic costs (Eshtehadi
et al., 2017). Some authors have presented different modifications to the PRP considering
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heterogenous fleet, time dependency (traffic congestion) and pickup and delivery problems
are presented in (Dabia et al., 2017; Demir et al., 2012, 2014a; Eshtehadi et al., 2017; Tajik
et al., 2014).

In addition, there is increasing attention given to energy minimisation by encouraging the
use of alternative greener fuel options such as bio-diesel, ethanol, electricity, propane, or
hydrogen (Erdoğan and Miller-Hooks, 2012; Jafari and Boyles, 2017; Lin et al., 2016;
Masmoudi et al., 2018; Montoya-Torres et al., 2016). Electric vehicles (EVs) have been
regarded as a solution to reduce transportation emissions at the road side. However, due
to current technology limitation of battery technologies, EVs can only travel for a limited
number of miles on a single battery charge and so it is essential to have a well-designed
battery swapping and recharging stations network. An extensive survey of the G-VRPs is
presented in (Bektaş et al., 2015; Demir et al., 2014b; Lin et al., 2014). Nowadays, the
objective of incorporating economic cost and environmental costs minimisation is receiving
considerable attention. In Sbihi and Eglese (2007), a clear link can be observed in their
problem with a reduction in CO2 emission, but their objective was formulated as minimising
total travel cost and not the cost of emissions. The first study to consider an objective that
integrates emission minimisation, driver costs and fuel cost is probably the one developed by
Bektaş and Laporte (2011). The authors presented a non-linear mixed integer mathematical
model of the problem with an emission function based on Barth et al. (2005) but only solved
small instances to optimality. An extension of this model was presented in Demir et al. (2012),
the authors allowed the use of lower speed with a non-decreasing discretised speed function.
Computational experiments were carried out for up to 200 problem instances. However, the
authors used a recursive algorithm to optimise the speed. The advantage of using multiple
vehicle types include a reduction in fleet use, which means a reduction in economic and
environmental costs. To this end, Koç et al. (2014) proposed an extension of the PRP in
their Fleet Size and Mix Pollution-Routing Problem. Their problem description includes the
objectives of the PRP but also considers heterogeneity in the vehicle fleet. According to the
authors, this is the first problem that investigates a heterogeneous VRP with time Windows
incorporating it with the PRP.

Another recent study was by Demir et al. (2014a) presented an extension of the PRP as a
bi-objective optimisation problem. They argued that the objective of minimising fuel cost
and driver time is conflicting. Therefore, they proposed to solve the problem considering
the two objectives in parallel. In the same year, Tajik et al. (2014) presented a PRP model
for pick-up and delivery and introduced robustness into the model to handle uncertainty in
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travelling times. In 2015, Kramer et al. proposed a speed and departure time optimisation
model to make speed and travelling time related decisions. Small size instances where solved
to optimality which was later extended in Kramer et al. (2015a) to solve larger instances.
In Qian and Eglese (2016), additional considerations such as travel path selection were
investigated. The authors prove that speed and vehicle travel path decisions are dependent
on the time of travel, while Huang et al. (2017) considered the integration of the alternative
paths selection decision in deterministic and stochastic travel time conditions.

In some of the above PRP studies, the environmental dimension wholly considers the effect
of the load carried as it affects fuel consumption and CO2 emissions while ignoring effects
such as traffic conditions. A notable contribution in this regard is due to Franceschetti et al.
(2013). The authors proposed an extension of the PRP to account for traffic congestion in
their Time-Dependent Pollution-Routing Problem. The extended version does not only aim to
minimize vehicle travel distance as in the classical VRPs, it but also takes into account CO2

emission costs (assumed to be proportional to fuel consumption) and driver costs and this is
achieved by taking into account traffic congestion amongst other objectives and constraints.
The problem is formulated as an integer linear problem and treats speed as a continuous
variable. The speed optimisation function used is modelled as a two-level speed function
following Jabali et al. (2012).

Consequently, any change in speed is affected by the departure time, and distance also
plays an essential role in determining total travel time (Soysal et al., 2015). This means
that during a time period T a vehicle travel speed changes according to the time period
(congested or free-flow period). As observed, traffic conditions cannot be ignored when
planning the vehicle route as this traffic condition determines the speed of vehicles during
travel. During congestion periods, travel speed decreases, unlike free-flow periods where a
vehicle can travel at a faster speed. However, in the presence of time windows, congestion
effects become relevant, since the temporal issue is of a more significant concern than the
spatial one in routing vehicles. Therefore, both time windows and time-varying congestion
play a significant role (Ahn and Shin, 1991).

Speed optimisation technique is one of the ways companies employ to the deal with the
time-varying nature of road conditions caused by events such as rush-hour traffic or weather
conditions. This time-varying nature of road conditions results in traffic congestion and if
not taken into account during Vehicle routing and scheduling can significantly increase GHG.
The Time-Dependent Vehicle Routing Problem captures a more detailed real-life vehicle
routing optimisation problems which makes it more applicable in studying green issues
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in transportation. The Time-Dependent Vehicle Routing Problem in itself results in some
environmental benefits whereby a reduction in total travel distance while considering the
time of travel will mean taking into consideration traffic congestion by avoiding travel during
congested periods. This also means that the minimisation of travel distance will sometimes
result in a reduction in fuel consumption depending on the road condition which will also
result in a reduction in pollution. Despite this obvious link between the Time-Dependent
Vehicle Routing Problem and environmental pollution, there still is little literature making a
direct link (Sbihi and Eglese, 2010).

Time dependency in vehicle routing and scheduling is a function of the time period T

(Jabali et al., 2012). Travel times can be deterministic when they are known before routing
or stochastic where travel times change and are updated in real time during the journey.
Consequently, it is evident that more attention needs to be given to the probabilistic nature

of travelling times during vehicle routing as this will result in a reduction in CO2 emission
during logistics operations. In fact, the relationship between time-dependent travel times,
fuel consumption and CO2 emissions has been gaining increasing interest to researchers.
Maden et al. (2010) observed that allowing for time-dependency of travelling time during
vehicle scheduling can obtain a reduction of around 7% in CO2 emissions.

Regarding probabilistic travelling times, Hwang and Ouyang (2015) consider speed decisions
as independent random variables on each arc and applied penalties to early or late arrivals
at customer location. The authors solved large problem instances of up to 416 nodes using
stochastic dynamic method and a shortest path heuristic. In the study by Ehmke et al.
(2015), a simplified time-dependent travel time problem was proposed to minimise expected
emissions. The authors developed two algorithms: a sample travel time algorithm estimate
the expected emissions on each arc and a Djikstra’s algorithm to minimise time-dependent
expected emissions.

According to Quintero-Araujo et al. (2016), collaborative strategies will help to avoid failure
routes and, in turn, reduce the environmental and economic impacts when the demand is
not known in advance. To analyse the potential environmental and economic benefits of
horizontal collaboration when faced with stochastic demands and travel times, Quintero-
Araujo et al. (2017) applied a sim-heuristic method.

Similarly, in Eshtehadi et al. (2017), the authors considered the PRP under demand and
travel time uncertainty and proposed three models: hard-worst case, soft-worst case and a
chance-constrained robust model. In order to tackle travel time uncertainty, they considered
a deterministic congestion level. Computational results indicate that considering robust
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optimisation techniques provide solutions that can be reliable but in the expensive of an
additional 60 litres of fuel consumption for the largest tested instance. A recent study by
Nasri et al. (2018) a model for the autonomous truck routing with stochastic time based on
speed optimisation was introduced. In order to take into account stochasticity, traffic speeds
were treated as discreet-random variables. Here travelling time is modelled as a function of
speed and two two-stage stochastic programming formulations with recourse were presented.

2.4.2 CVRP with three sustainability dimensions

Despite the emphasis on sustainability concerns of logistics operations, some VRP variants
fail to capture the real-world concerns bordering around these sustainability goals. This
can sometimes be attributed to the simplified models and the single objective nature of
their models. In fact, real-life transportation problems encompass multiple and sometimes
conflicting objectives.

A sustainable transport system is one that is safe, easily accessible, affordable and en-
vironmentally friendly. Indeed, this term covers all aspects of the impacts generated by
transportation activities. However, most of the published works in the literature focus on
economic impacts and a few on environmental impacts of transportation activities. Secondly,
the social impact of L&T activities is rarely studied in the VRP literature. This social impact
can be viewed from a road safety perspective. Road accidents have a direct and substantial
effect on the inhabitants of a city. For instance, accidents can cause pain, grief and suffering
to the casualty, it can result in loss of economic output, damage to property and vehicles,
insurance and administration costs among others. Additionally, in order to meet the social
responsibility of companies, driver equity and safety is considered a social problem. Hence,
companies aim for a balance in routes concerning driving time, vehicle load and driving
distance since drivers are typically paid according to working hours. In that sense, to ensure
fairness, encourage job satisfaction, employee loyalty and commitment, a reasonable balance
between driver working responsibilities should not be ignored.

In summary, social impacts of logistics activities which consider the human factor in trans-
portation are not usually regarded as part of economic or environmental impacts. When
these concerns are translated into monetary values, measuring some of these impacts faces
some impracticality. Therefore, methods such as weighting and scoring and multi-criteria
analysis are sometimes implemented. Formulating these types of problems as multi-criteria
problems has become an active research area. For example, Bouchery et al. (2016) proposed a
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multi-objective optimisation approach to solve the VRP aimed at reducing carbon emissions.
However, they pointed out that models that capture the people element are scarce which may
be due to the challenge of how to measure the impact.

In practice, sustainability in the transport sector aims to achieve a suitable balance among
economic, environmental and social dimensions minimising thus, the negative impacts
(McKinnon et al., 2015). In this research, the three dimensions are integrated based on multi-
objective techniques and weighted objective functions. As pointed out earlier, environmental
and economic attributes are more studied in the literature, and the social attribute is subjective
which can be measured from the customer or employee perspective (Delucchi and McCubbin,
2010). However, some studies have put some effort to consider the social attribute.

For instance, Sharafi and Bashiri (2016) presented two mixed integer programming models
to tackle the economic and social aspects related to workload balance and its influence on
the accident risk rate. Wang et al. (2011) studied the influence of environmental criteria
on total cost and demonstrated that additional criteria imply additional costs, but this will
lead to a more accurate operation synchronisation in the supply chain. Later, Sawik et al.
(2017) proposed a G-VRP with distance and capacity restrictions. They presented a Tabu
search-based approach to show the need to consider driving distance, driving altitude and
driving times simultaneously to minimise the effect of carbon emissions and noise in urban
zones. From this research, I found that despite the social and industrial importance of
the sustainability issues, only a small number of articles consider all three sustainability
dimensions: economic, environmental and social impacts as one decision criterion in the
transportation problem. Therefore, only a few papers are focused on the trade-offs among
these dimensions and a smaller portion of them study the impact of stochastic data during
and after the design of the routes. As a result, this research gathers some VRP variants
and particularities from the real world to close the gap between sustainability issues and
transportation problems. Based on previous studies, as a part of this thesis, a weighted
objective method is proposed to solve the CVRP as a multi-objective optimisation problem.
Additionally, deterministic models and stochastic models that consider the sustainability
dimensions are developed. A summary of some selected literature on VRPs with sustainability
considerations and their attributes are listed in Table 2.1.

Multi-objective optimisation is usually applied to study real-life multiple criteria decision
problems and the solution provided by a multi-objective programming provides the decision
maker with several outcomes depending on the focus of the decision maker. In 2008, a
survey of VRP with multiple objectives is presented in Jozefowiez et al. (2008). In the past
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2.4 CVRP with sustainability dimensions
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Literature Review

few decades, several methods have been proposed for solving the multi-objective routing
problems. Of such methods are, scalarization or aggregation methods (Hansen, 2000). Using
scalarization converts the problem into a single objective using scalar methods.

Regarding multi-objective optimisation problems that consider the social attribute, Lee and
Ueng (1999) studied a VRP with load-balancing, motivated by the aspect of fairness among
the drivers in a company. They formulate the problem as an integer program where the
objective function is a weighted sum of total travel distance and the total difference between
each vehicles working time and the vehicle with shortest working time. In order to minimise
total costs, minimise standard deviation of the work of each vehicle at the end of the period,
and maximise the number of times a driver visits the same customer, Ribeiro and Ramalhinho
Dias Lourenço (2001) proposed three objectives, each objective is assigned a weight, and
the sum of the weighted objectives is minimised. Kenyon and Morton (2003) proposed
a branch-and-cut approach to solve the problem considering two models with different
objective functions: (i) minimising the expected time that all vehicles will return to the depot;
and (ii) maximising the probability of completing the routes by a given deadline. This by
implication avoids driving over time. Another study that considers driver workload balance
is presented in Melián-Batista et al. (2014). The authors proposed a bi-objective VRPTW
where the total travelled distance and the difference between the longest and shortest route
length in time units are minimised.

2.5 Conclusion

According to Taniguchi et al. (2001) taking into account the presence of time windows and
the uncertainty of travel time during vehicle routing and scheduling planning will stimulate
a reduction in the economic costs as well as environmental impacts. Although there are
new emerging problem variants such as those that reduce emissions, the logistics providers
are interested in reaching more realistic models that also consider the social friendliness of
logistics operations which, comply with regulations and are capable of reducing total transport
costs. The literature review indicates that there is a relatively good number of research
studies that provide techniques of high accuracy to tackle the economic and environmental
dependent variants. However, studies that consider the social impact are still scarce; therefore,
this research will focus on these issues, and future research might incorporate additional
complexities. Additionally, multi-criteria optimisation can be used as a tool to help decision-
makers measure the relative impact of each criterion based on its importance. A closely
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2.5 Conclusion

related problem to the one studied in this thesis in terms of the social dimension is the G-VRP
with route balancing (Sharafi and Bashiri, 2016). The authors presented two Mixed Integer
programming models to tackle the economic and social aspects. A genetic algorithm based
approach to address larger problem instances. They also suggested that to minimise potential
accident risk, it is essential to have driver workload balance.

This thesis proposes to apply a multi-criteria optimisation technique to show the trade-
offs between the different objectives (operation cost, carbon emissions and social impacts)
that may be obtained in the context of sustainable L&T operations. Moreover, companies
assume that "sustainability can only be attained by optimising seemingly conflicting targets"
(DHL, 2010). In this sense, a company interested in sustainable operations aims for the
most favourable trade-off between the considered objectives. This naturally leads to multi-
objective considerations to analyse the trade-off between economic, environmental and social
performance measures. Regarding sustainability issues, most of the studies considering
stochastic data do not consider the social dimension of sustainability. They are mostly
focused on economic and environmental objectives.
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Chapter 3

Biased Randomised Clarke and Wrights
Heuristic for the 2SCVRP-2D

3.1 Introduction

Simplified models for Combinatorial Optimization Problems (COPs) give a model repre-
sentation of real-life problems due to the large number of possible combination of decision
variables (Juan et al., 2016). These types of problems are often characterised by complex
structure and large computation times and have a wide range of applicability in fields such as
transportation, manufacturing and workforce scheduling problems (De Armas et al., 2017;
Faulin et al., 2011; Juan et al., 2014a). Due to the challenging nature of COPs, effort from
researchers from different fields is continually being made into researching different models,
techniques and methods to solve them (Juan et al., 2016). In this sense, decision-makers
require tools to enhance the design and reliability of their daily operations, hence, the need
to develop efficient optimisation models and solution techniques that are efficient in tackling
COPs.

The SCVRP-2D is one of the COPs that requires a realistic model and efficient solution
methods due to its complexity. That is because the SCVRP-2D focuses on two of the most
significant costs in logistics operation, that is; economic costs relating to vehicle operating
costs and environmental costs relating to the cost/impact of emissions. Moreover, this
problem becomes more complex when distances are considered as asymmetric which is a
realistic assumption in the context of real-life applicability. There are many factors which
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Biased Randomised Clarke and Wrights Heuristic for the 2SCVRP-2D

have major impacts on these two costs; economic costs and environmental costs. However,
the two most important ones are driver costs and the fuel consumption (CO2 emissions).

Driver costs as part of vehicle operating costs are traditionally paid for the total duration
of the driver’s operation time. This normally includes total driving time, waiting time and
service time. If a driver is paid from the beginning of a trip (departure from depot) (Kramer
et al., 2015a), this will result in lower driver costs. However, when a driver is paid from the
start of a working day (typically 9 am), it naturally becomes more expensive. Consequently,
considering the driver departure time as a decision variable will result in significant cost
savings. However, this may increase the problem resolution complexity. To minimise driver
duty time, Kok et al. (2011) proposed a Vehicle Departure Optimisation problem and In
2014, Dabia et al. considered speed dependent travel times and delayed departure times
from the depot which relies on the customer ready time. It has also been proven by Kramer
et al. (2015a) that delaying the driver departure time can achieve cost savings of up to
8.36%. Regarding environmental impacts, vehicle travelling speed contributes significantly
to fuel consumption,CO2 emissions and traveling times on a route. In addition, if a VRP
is constrained by time window restrictions, this further affects the performance of a route.
For this reason, some researchers (Fagerholt et al., 2015; Franceschetti et al., 2013; Hvattum
et al., 2013; Kim et al., 2016; Norlund and Gribkovskaia, 2013; Norstad et al., 2011; Wen
et al., 2017) proposed to use speed optimisation decisions.

The CWS heuristic is among the most popular heuristic for solving the CVRP because it
is relatively simple to implement and fast in terms of computation time. And according
to Cordeau et al. (2002), a powerful heuristic for the VRP should possess these qualities:
accuracy, simplicity, flexibility and speed. Additionally, the CWS heuristics has been shown
to be more powerful when integrated with biased randomisation techniques.

In this chapter, an optimisation model for the SCVRP-2D adapted from Demir et al. (2012)
and a specially tailored approach to solve the SCVRP-2D is presented. This approach
is based on the Biased Randomisation of the Clarke and Wright Savings heuristic (BR-
CWS), enhanced with a Local Search and Departure time and Speed Optimisation (DSO)
technique. The proposed BR-CWS algorithm applies an enhanced CWS heuristic based
in a multi-start framework specifically adapted to avoid local minima. The choice of our
BR-CWS is motivated by the need to investigate efficient methods for solving large instances
of “sustainable” vehicle routing problems. The BR-CWS is simple in terms of application,
fast in execution and flexible to be easily adapted to other COPs.
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3.2 Contribution

To the best of our knowledge, this is the first work that incorporates the DSO technique
within the proposed BR-CWS algorithm to solve the SCVRP-2D.
The remainder of this chapter is structured as follows: in Section 3.2, original contributions
to the body of knowledge are highlighted. Section 3.3 presents a clear description of the
problem and an optimisation model for the SCVRP-2D. In Section 3.4, a description the
BR-CWS proposed approach is provided. Section 3.5 presents numerical experiments and
provides an analysis of the results of the experiments. Finally, the chapter conclusion is
presented in Section 3.6.

3.2 Contribution

For several years, research into efficient optimisation methods, such as heuristics and meta-
heuristics, have been studied to solve difficult COPs. To the best of my knowledge, there
is no research presented in the literature that implements a skewed probabilistic solution
approach for the SCVRP-2D.
As mentioned earlier, randomisation techniques have been successfully applied to enhance
the performance of heuristics which have so far shown promising outcomes. Therefore, the
main contribution highlighted in this chapter is the development and implementation of the
BR-CWS completed with DSO and local search to solve the SCVRP-2D.

The primary motivation behind the choice of a biased-randomised heuristic is to investigate
efficient and appropriate methods for solving the SCVRP-2D. In fact, the proposed BR-CWS
is powerful enough to measure against current state-of-the-art metaheuristics in the literature.
It is simple in terms of implementation, parameter-free, flexible and can easily be adapted
to different size problem instances, efficient in terms of solution quality and relatively fast
in terms of computation, as it does not require any complex fine-tuning process. Moreover,
using non-uniform (biased) distributions rather than uniform distributions offer a more natural
and efficient way of selection of moves from the solution space (Juan et al., 2015a).

3.3 Problem description and optimisation model

This study deals with the problem of vehicle routing decisions to consider the environmental
as well as operational costs associated. The problem under investigation is to find vehicle
routes with speed of vehicles on each arc as well as the driver departure time decisions that
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are efficient regarding driver costs and environmental costs. As previously described in
Chapter 2, a number of studies have developed PRP models with similar characteristics. In
particular, the problem presented in this chapter is adapted from the PRP work of Demir et al.
(2012). There is a given set of homogeneous vehicles available at the depot, each vehicle
must start its trip from the depot and return to that depot at the end of the trip as shown in
Figure 3.1. The available capacity of each vehicle must be respected, and each route is not
allowed to exceed its maximum duration. The objective of the model is to minimise total cost,
consisting of economic costs (driver costs) and environmental costs (fuel costs) by tightly
incorporating speed and departure time quadratic time algorithm with the routing generation.
The environmental cost considered in this study is the fuel consumption, which is assumed
proportional to the CO2 emissions generated by the amount of energy used (Fontaras et al.,
2017).

Figure 3.1 Illustrative example of the SCVRP-2D.

To formally define the SCVRP-2D model, consider a complete and direct graph G = (N,A)

where N represents a set of nodes, including the depot and A = (i, j)i, j ∈ N, i ̸= j is a set of
arcs connecting each pair of nodes and each node i ∈ N−{0} has a non-negative demand qi

and delivery time window bounds [ui, li]. An available fleet of M homogeneous vehicles is
denoted by M = (1,2, . . . ,m) with load capacity Q. Since it is assumed that CO2 emissions
are proportional to fuel consumption, the objective is to find a set of routes R with their
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3.3 Problem description and optimisation model

associated speeds and departure times that minimises the environmental (fuel) and economic
(driver) costs.

For each route r ∈ R, the driver is paid per hour from departure time b0 and each route
has a maximum duration (in terms of travel time). The DSO is a quadratic time algorithm
determines the vehicle speed zi j and driver departure time b0 from the depot based on earliest
start time (time window) from the first assigned customers and the latest return to depot time.

The total cost comprises of the fuel consumption costs (environmental costs) derived from
Equation 3.1 and the driver costs (economic costs) for all the round-trips.

3.3.1 Fuel consumption model

Our fuel consumption function is a generic mode that follows the same idea as in Bektaş
and Laporte (2011) and Demir et al. (2012) which is based on the comprehensive modal
emissions model of Scora and Barth (2006) and Barth et al. (2005):

FC =
(

C1

zi j
+C2 +C3 fi j +C4z2

i j

)
di j (3.1)

C1 = λkNV

C2 = λwγαi j

C3 = λγαi j

C4 = λβγ

Where λ = ξ

κψ
and γ = 1

1000ηt f n are constants associated to fuel properties. Additionally, w

is the constant empty weight of the vehicle, αi j = τi j +gsinθi j +gCrcosθi j is a vehicle-arc
specific constant depending on the road topology and β = 0.5CaρA is a constant associated to
the vehicle properties. In this fuel consumption and emissions function, it has been assumed
that the engine-out emission rate is directly related to the rate of fuel use and that when a
vehicle is in motion, all parameters will remain constant except load and speed which may
change between arcs (Demir et al., 2014a).

Model notations are based on Demir et al. (2012) and Franceschetti et al. (2013) given in
Tables 3.1 and 3.2.
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Table 3.1 Notations for the description of the fuel consumption function.

Notation Definition Value
ω Curb-weight (kg) 6350
ξ Fuel-to-air mass ratio 1
k Engine friction factor (kj/rev/l) 0.2

N Engine speed (rev/s) 33
V Engine displacement (l) 5
g Gravitational constant (m/s2) 9.81
Ca Coefficient of aerodynamic drag 0.7
ρ Air density (kg/m2) 1.2041
A Frontal surface area (m2) 3.912
Cr Coefficient of rolling resistance 0.01
ne f Vehicle drive train efficiency 0.4
η Efficiency parameter for diesel engines 0.9
c f Fuel cost (£/l) 1.4
cd Driver cost (£/s) 0.0022
κ Heating value of a typical diesel fuel (kj/g) 44
ψ Conversion factor (g/s to l/s) 737
zmin Lower speed limit (m/s) 5.5
zmax Upper speed limit (m/s) 25
θi j Road angle 0
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3.3 Problem description and optimisation model

Table 3.2 Parameters and variables.

Parameters Definition
qi Non-negative demand of i

Q Maximum vehicle capacity
di j Travel distance from i to j

[ui, li] Customer time window limits
yi Service time required for i

Tmax Total allowed working time

Variables Definition
xi j Binary variable indicating if arc (i, j) is contained in the solution.
zr

i j Binary variable indicating if arc (i, j) is traversed at speed r.
bi Departure time from i

a j Arrival time at j

Th Total working hours for vehicle m

qi j Continuous flow of goods between node i and j.
zi j Speed to traverse arc (i, j).
ti j Travel time from i to j

fi j vehicle load carried from i to j

s j Non-negative service start time at j

3.3.2 SCVRP-2D optimisation model

The integer linear programming formulation for the SCVRP-2D is given.

Min Z = ∑
i, j∈A

∑
m∈M

(
c f ·FC+ cd ·Th

)
(3.2)
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Subject to:

∑
i∈N

xi j = 1 ∀ j ∈ N0 (3.3)

∑
j∈N

xi j = 1 ∀i ∈ N0 (3.4)

∑
j∈N

x0 j = M (3.5)

q jxi j ≤ fi j ≤ (Q−qi)xi j ∀(i, j) ∈ A (3.6)

∑
i∈N

f ji− ∑
j∈N

fi j = qi ∀i ∈ N0 (3.7)

si− s j + ti + ∑
r∈R

yi ≤ S
(
1− xi j

)
∀i ∈ N,∀ j ∈ N0, i ̸= j (3.8)

s j− t j0 +h j + ∑
r∈R

y j ≤ S
(
1− x j0

)
∀ j ∈ N0 (3.9)

ui ≤ si ≤ li ∀i ∈ N0 (3.10)

Ti j ≤ Tmax ∀ j ∈ N0 (3.11)

zmin ≥ zi j ≤ zmax ∀i j ∈ A (3.12)

Xi j ∈ {0,1} ∀(i j) ∈ A (3.13)

fi j ≥ 0 ∀i ∈ N0 (3.14)

si ≥ 0 ∀i ∈ N0 (3.15)

(3.16)

Equation 3.2 defines the objective function of minimising fuel consumption costs (environ-
mental costs) derived from Equation 3.1 and the driver costs for all the round-trips (economic
costs). Constraints in Equations 3.3 and 3.4 are set to guarantee that each customer node is
visited exactly once. Equation 3.5 ensures that only the number of available vehicles in the
depot depart to the customer nodes. Equation 3.6 ensures the vehicle maximum capacity Q

is not exceeded as well as ensuring that the quantity of load carried between (i, j) is large
enough to serve the demand of the next customer. Equation 3.7 set the total quantity of goods
leaving the vehicle at a customer node to exactly equal its demand. Constraints in Equations
3.8 to 3.10 ensure that the time window restrictions are respected where S is a sufficiently
large number. Equation 3.11 guarantees that the total time spent on a route does not exceed
the maximum allowed working time. Equation 3.12 set the vehicle speed limits. Finally,
Equations 3.13 to 3.15 define the variable domains.
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3.3 Problem description and optimisation model

3.3.3 Departure time and speed optimisation

Speed and vehicle departure time impacts heavily on fuel consumption and the total driving
hours/operation time (Norstad et al., 2011). In this subsection, a description of the Departure
time and Speed Optimisation procedure (DSO) to generate departure times and speeds for
each arc in a route while considering customer time window restrictions. The procedure
relies on the work presented by Kramer et al. (2015a), which is executed within the BR-CWS
framework.

Since vehicle departure time and traveling speed plays an important role in a realistic
VRP, optimising driver departure time and vehicle speeds influences the overall solution
behaviour (Kramer et al., 2015a). This type of problem is called a Departure time and Speed
Optimisation Problem which is solved by a recursive algorithm that considers driver costs,
possible waiting times, and non-fixed arrival time at the last customer. A speed optimisation
technique presented in Dabia et al. (2014) was later extended to consider driver departure
time in the works of Franceschetti et al. (2016) and Kramer et al. (2015a). The procedure
is based on a divide-and-conquer strategy, which solves a relaxed optimisation problem
considering customer arrival times, fuel consumption, driver costs and vehicle waiting times.
After routes have been generated, the procedure first tries to find the speed that minimises
operational costs and environmental costs. This speed is then set as the reference speed
to compute the arrival time at the last customer. If the arrival time is feasible, then the
speed is returned. Otherwise, the customer with the maximum time-window violation is
identified and its arrival time is set to the closest feasible value. By fixing the arrival times,
two sub-problems are created which are recursively solved. Assume that the optimal speed
that minimises fuel consumption is given as:

z f = λ

(
KNV
2βγ

) 1
3

=

(
C1
2C4

) 1
3

(3.17)

This speed function minimises only fuel consumption. Similarly, the speed function that
minimises driver costs and fuel consumption is given as:

z f d = (
KNV
2βγ

+
cd

2βλγc f
)

1
3 =

(
C1+ cd

c f

2C4

) 1
3

(3.18)

To start the procedure, the speeds are calculated for each edge by considering the beginning
of the time window of the next customer to visit and the total available time. These speed

45



Biased Randomised Clarke and Wrights Heuristic for the 2SCVRP-2D

values are used to check for violations, if any, this means that the arrival time at node i (ai )
and the travel time required to arrive at i (ti), or (ai )is greater than the time window upper
bound at i (bi). Otherwise, the violation is set to zero. If the minimum realised speed is
greater than the generated optimal speed, the minimum speed is set as the optimal speed.
Next, the new optimal speed and the current speed are compared; if the current speed is less
than the optimal value, it is replaced with the optimal value. Then, at each stage, the arc with
the largest time window violation is identified and the violation is eliminated by updating the
time window with the optimal speed Kramer et al. (2015a). Note that, this optimisation will
not violate times window because the increase in speed will mean that less time is spent on
the arc.

3.4 Biased Randomised Clarke and Wright Savings Heuris-
tic

The basic idea behind the use of randomised heuristics is their potential in solving difficult
COPs. That is because randomisation allows increasing the search area covered by selecting
a candidate other than the next best option. Most studies considering randomisation methods
employ the use of a uniform distribution to introduce random behaviour into the algorithm.
However, other non-uniform distributions (biased randomisation) can also be used.

A biased randomised procedure is not totally random in the sense that not all the elements
have the same probability of being selected. As shown in Figure 3.2, using non-uniform
(biased) distributions rather than uniform distributions, offer a more natural and efficient way
to select the next movement from the priority list (Juan, 2015).

Biased randomisation refers to the utilisation of pseudo-random numbers to generate random
outcomes throughout the solution search thereby, transforming the search method from its
deterministic state into a probabilistic one. In particular, each element in the solution list is
assigned a given probability depending on the criterion of the procedure, which means the
higher the element is in the list, the higher the probability assigned to it. Thus, using biased
randomisation leads to potentially different outputs each time the procedure is executed.
Assigning probabilities can be done by using empirical or theoretical probability distributions.
Additionally, hybridising a heuristic with a biased randomisation technique may improve the
solution without significantly increasing the computation time. One of the earliest works to
consider the use of bias randomisation techniques to solve a scheduling problem is due to
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Figure 3.2 Uniform selection VS Biased selection.

Bresina (1996). The approach is referred to as a Heuristic-Biased Stochastic Sampling which
uses an integrating of heuristic and a bias function. The bias function is chosen based on
the strength of the base heuristic. For example, the author experimented with different bias
functions such as an exponential bias function and a logarithmic bias function. Computational
experiments showed some obtained solutions outperform greedy search solutions.

In 2010, Juan et al. proposed to use to a randomisation technique called the SR-GCWS
(Simulation in Routing via a Generalised Clarke and Wrights Savings Heuristic). This
technique integrates Monte Carlo Simulation (MCS) inside a CWS heuristic and further
guides the MCS by the use of a non-uniform distribution (specifically a quasi-geometric
distribution). Testing benchmark instances from the CVRP show that this method is able to
outperform some of the best-found solutions using state-of-the-art heuristics. In a similar
way, González-Martín et al. (2012) proposed a biased randomised algorithm guided by a
geometric distribution. Their proposed heuristic is based in a savings based heuristic for
the Capacitated Arc Routing Problem called RandSHARP. In 2013, Juan et al. proposed
the use of a probabilistic algorithm to solve a non-smooth vehicle routing problem. Their
proposed algorithm uses non-uniform and non-symmetric distributions to induce randomness
in classical CWS heuristics.
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In 2015, Belloso et al. presented a multi-start approach based on the randomisation of the
CWS heuristic to solve the VRP with clustered backhauls. To generate an initial solution, the
randomisation of the CWS savings list is performed by introducing the use of a geometric
distribution. To calculate the savings, the authors adapted an approach introduced by Dief
and Bodein (1997). This adaptation uses the idea of penalty associated with the backhaul and
line haul customers in order to obtain maximum savings resulting from merging backhaul
routes and line haul routes. After generating an initial solution, an intelligent memory based
local search is initiated to improve the initial solution. In 2017, Belloso et al. applied a
biased randomised based metaheuristic to solve an extension with mixed backhauls.The
authors show that their approach is powerful enough to compete with some of the well-known
solution methods for the VRP with clustered and mixed backhauls.

Conclusively, using skewed/non-uniform probability distribution can strengthen the perfor-
mance of most existing operation research methods for solving combinatorial-optimization
problems. This enables the transformation of the greedy deterministic behaviour of heuristics
into probabilistic heuristics. Furthermore, these probabilistic heuristics still keep the logic
behind the heuristic while randomising the solution construction procedure.

3.4.1 Solution generation framework

Our proposed BR-CWS is applied within a multi-start framework, which strategically sam-
ples the solution space of the optimisation problem. The most successful of such multi-start
methods have two phases that are alternated for a certain number of global iterations. The
first phase generates an initial solution and the second seeks to improve the outcome. Each
global iteration produces a solution that is typically a local optimum, and the best overall
solution is returned as the output of the algorithm. The interaction between the two phases
creates a balance between search diversification (structural variation) and search intensi-
fication (improvement), to yield an effective means for generating high-quality solutions.
Additionally, the proposed approach will extend to take into consideration customer time
windows and vehicle departure times. Within our MS framework, an iterative process with
a “maxtime” stopping condition is initiated, and at each iteration, edges are selected based
on the biased randomised behaviour. It should be noted that during the initial route merge
process, the direction of the generated routes is ignored temporarily.

As shown in BR-CWS flowchart Figure 3.3, the main stages of our approach consist of
an initial solution generation followed by an iterative improvement process. The proposed
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algorithm as previously mentioned is based on the randomisation of the CWS heuristic ?
proposed by Herrero et al. (2014). The randomisation of this heuristic generates good quality
solutions very fast as the original CWS already has a low execution time. The first step of our
algorithm follows the general CWS idea to construct the initial dummy solution with a route
that contains a node and the depot, where each node is visited by one vehicle then returns to
depot until all the nodes have been visited. The original CWS heuristic uses the concept of
savings that occur as a result of route merge instead of visiting each node separately, and it
assumes unlimited available of vehicles. Subsequently, the potential savings from merging
two routes is explored. This means for example, if two edges in the initial dummy solution
have at least a common edge connected to the depot, and then they can be merged to obtain a
new distance/cost, the edge is inserted into the savings list (Algorithm 3.1). In the context
of this problem, the cost associated has an asymmetric nature. For this reason, a weighted
savings generation method is used Herrero et al. (2014) and all the savings obtained from
merging all pairs of routes are saved in descending order on a savings list. To compute the
weighted savings, our algorithm assigns weights using an auxiliary parameter β . Note that,
the saving in the CWS heuristic is computed as:

Si j =C0i +C0 j−Ci j

and our asymmetric type savings is computed as:

Ŝi j = β ∗max
{

Si j,S ji
}
+(1−β )∗min

{
Si j,S ji

}
Where:

β : weight parameter ∈ [0.5,1]
Si j: CWS savings
Ŝi j: weighted savings
C0i: cost of travelling from the depot to node i

Ci j: cost of travelling from node i to node j

After the initial savings are computed, the list is stored, according to a biased randomisation
technique. To introduce the biased-randomness into the algorithm, a pseudo-geometric
distribution α is used. This parameter is chosen from a uniform distribution in (a, b), where
0 < a ≤ b < 1. The reason behind the choice of this distribution is that, it only has one
parameter, which determines its specific shape. Additionally, this parameter varies between
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0 and 1, thus facilitating its setting in most practical applications. As values of this parameter
get closer to 0, the more uniform-randomised the selection process will be. On the contrary,
as these values get closer to 1, the greedier the selection will be (Juan, 2015). This type
of distribution provides a natural bias for the candidate elements in the list. Moreover, this
selection probability is coherent with the weighted saving value associated with each edge.
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Figure 3.3 Flowchart of the BR-CWS for the SCVRP-2D.
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Note that using this biased randomisation ensures that solutions at the top of the list (higher
saving) have a greater chance of being selected, however, all other solutions could also be
selected and merged in a previously built route. In addition, to construct new feasible routes,
the edge selection process from the savings list is guided by some feasibility checks. For
instance, (i) if any node from the pair of nodes to be merged into a new route is already
contained in a route, or (ii) if the two nodes are not external, or (iii) if the capacity of the
vehicle is exceeded by adding nodes to a route, then the merge will be infeasible therefore,
the merge is skipped. Finally, after all the pairs of nodes in the savings list have been merged
and routes generated, a route-cache local search method proposed in Juan et al. (2011) is
employed to improve the initial solution. When the solution with the minimum cost found, it
is then set as the initial solution, and the multi-start process is continued until the stopping
condition is reached and a solution for the SCVRP-2D is obtained.

Algorithm 3.1 BR-CWS procedure

1: procedure BR-CWS(nodes, savingsList(β ), α , DSO)
2: while savingsList(β ) contains edges do
3: e← select edge(e)randomly(savingsList(β ) , α)
4: iNode← getOriginNode(e)
5: jNode← getEndNode(e)
6: iRoute← getRoute(iNode, sol)
7: jRoute← getRoute(jNode, sol)
8: if merge is feasible then ▷ No constraint violated
9: sol← mergeRoutes(e, iRoute, jRoute, sol)

10: for e in savingsList(β ) do
11: e← deleteEdge (newList)
12: end for
13: end if
14: end while
15: Return sol
16: end procedure

3.4.2 Local search (Route-Cache)

This local search method proposed in Juan et al. (2011) uses a “cache memory” list to
store all the best node arrangement within a route and updates the list whenever a more
efficient visiting order of nodes with lower costs is obtained during the merging process.
This mechanism does not try to generate new vehicle assignments to routes but stores the
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best-found nodes visiting order which it re-uses to improve routes during the iterative route
merge process. The idea behind this method is, for each route generated during the solution
generation process, the best (minimising costs) nodes visiting order in a route is stored in
a cache list. As presented in Algorithm 3.2, for each route containing the same nodes, if a
more efficient node visiting order is found, the memory list is updated with the new nodes
visiting order. Impliedly, this solution improvement mechanism also serves as a learning
mechanism for the solution algorithm to learn from experience thereby avoiding generating
deteriorated new best found solutions.

Algorithm 3.2 Route-Cache Local Search
1: procedure LOCALSEARCH(sol, cost, rCache)
2: table← makeHashTable() ▷ Make routes hash table
3: for each route r in sol do
4: hashCode← getRouteHashCode(r)
5: if hashCode exists in table then
6: routeInTable← getRouteInHashTable(rCache, hashCode)
7: if routeInTable(cost)≤ r(cost) then
8: r← routeTable
9: sol← updateRouteInSol (r, sol)

10: else if routeInTable(cost)≥ r(cost) then
11: r← improveNodesOrder(r, cost) ▷ Remove knots(if any) in a Route
12: rCache← putRouteInHashTable(rCache, hashCode, r)
13: end if
14: end if
15: end for
16: Return sol
17: end procedure

3.5 Computational experiments

In this section, an analysis of the performance of the proposed algorithm BR-CWS in terms
of the objective function is presented. The main aim of these experiments is to investigate
the performance of the proposed BR-CWS algorithm in terms of two of the sustainability
dimensions (economic and environmental). First, a description of the experimental setting is
given. Next, a comparison of the solutions found by the BR-CWS approach against those
provided in the literature Kramer et al. (2015a).
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3.5.1 Data and experimental settings

Test instances of Bektaş and Laporte (2011) are used from the PRP Library instances available
at http://www.apollo.management.soton.ac.uk/prplib containing instances in groups of 20
with 10, 100 and 200 nodes, respectively. The algorithm was coded in Java Eclipse version
neon 3, and all tests were run on a computer with a Core i5, 2.30 GHz processor and 4 GB of
RAM. To generate random numbers for the biased randomisation behaviour of our algorithm,
the pseudo-random number generator class LFSR113 found in the stochastic simulation
library SSJ provided in L’Ecuyer et al. (2002) is used. The distance information contained in
the instances are based on real geographical distances from some chosen UK cities. Other
information provided within the data include vehicle weights, customer demands, time
windows, vehicle speed limits, customer service time windows, and service time duration.
The coefficients of the fuel consumption function were set to the same values as Kramer et al.
(2015a) which are given below:

C1 = 1.01763908×10−3

C2 = 5.33605218×10−5

C3 = 8.40323178×10−9

C4 = 1.41223439×10−7

The result tables contain information such as the total cost(£) made up of the economic
cost and environmental cost and, the total number of vehicles. The economic dimension
considered in our model is the driver cost while the environmental dimension is the fuel
consumption. Computational runs 10 independent executions per instance are executed,
each of them using a different seed for the pseudo-random number generator and an average
solution is obtained for each instance. The %Gap for each instance is computed as:

Gap = T c−T c∗
T c∗ ×100.

T c is the average total cost obtained by our BR-CWS and T c∗ is the value of the average
total cost in KSVC15 or the BKS as the case may be.

3.5.2 Comparison between BR-CWS and BKSs in the literature

To assess the quality of the BR-CWS proposed approach, based on the benchmark instances
with problems of 10, 50, 100 and 200 node sizes, computational results are presented. For

54

http://www.apollo.management.soton.ac.uk/prplib


3.5 Computational experiments

this, a comparison with the best known solutions and the average solution presented in
Kramer et al. (2015a) represented as BKSs and KSVC15 for 10, 50 and 100 node instances.
The reason for this comparison is due to the similarities between both problems. The columns
show the name of the instance, total costs which comprises of the driver cost and fuel cost,
the total number of vehicles used, the computation times and finally, the column %Gap shows
the gap between the solutions obtained by BR-CWS and the literature.

3.5.2.1 Analysis of overall solution behaviour

Notice that, in general, our approach is quite competitive in terms of solution quality in
comparison to KSVC15. However, the results achieved by KSVC15 outperform our solutions
with average gaps of up to 0.96%, 1.8%, 2.2% and 2.2% reported for the 10, 50, 100 and
200 nodes instances respectively. This may be mainly attributed to the randomised approach
which focuses on the exploration of the solutions space by diversification of the search when
multiple runs are executed. In comparison with the BKS, our methodology achieves solutions
close to the BKS with worse gaps of 0.96%, 2.0%, 2.4% and 2.6% for the 10, 50, 100 and
200 nodes instance respectively. In general, it can be noticed that the proposed BR-CWS
methodology is able to outperform the solution in KSVC15 for a few instances which are
highlighted in bold. In particular, in Table 3.3 instance UK10_16, the BR-CWS is able to
achieve an improvement gap of 0.3%. In some particular instances, improvements of up to
0.1%, 0.2% and 0.5 % for instances with UK50_2, UK100_10, UK200_2 and UK200_4
instances respectively. Additionally, the BR-CWS outperforms the BKS in the UK200_2
instance in Table 3.6 with a gap of 0.1%.
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Figure 3.4 Instance UK100 BR-CWS and BKS average driver cost and fuel cost proportions.

In general, a trade-off can be seen by the way of cost proportion shown in Figure 3.4, shown
as the average proportion of fuel cost and driver cost in the total cost over all instances of
UK100. The BR-CWS tries to reduce the gap between the two components, the BR-CWS
total driver cost is 44.4% of the total cost while the fuel cost achieved is 55.6%. On the
other hand, the BKS driver cost is 42.9% of the total cost and the fuel cost is 57.1%. This
behaviour is due to the configuration of our proposed algorithm, which integrates the DSO
technique iteratively implemented within the MS solution generation framework.

3.5.2.2 Analysis for fuel consumption (CO2 emissions) and driver costs.

Nevertheless, in terms of fuel consumption, notice that the BR-CWS demonstrates an average
trade-off balance between the driver costs and fuel consumption cost. Although the total cost
is more expensive, the fuel consumption tends to be less expensive. This can be seen from
Table 3.3 to Table 3.6 where on average, for the smallest size problem instance, the solutions
are 2.9% more expensive in terms of driver costs while achieving a saving of 0.2% in fuel
cost when compared to the BKS. In the largest instance (200 nodes), it can be noticed that,
the performance of the BR-CWS shows that, as the network size increases, the behaviour of
the algorithm leverages more on minimising the fuel cost demonstrating a reduction in fuel
cost of 3.8% in comparison to the BKS while the driver cost becomes more expensive on
average 10.7%. For each instance, observe that due to the behaviour of the algorithm, the
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balance between driver cost and fuel cost results in employing more vehicles. This effect
is directly related to the increase noticed in the driver costs achieved by our methodology.
However, regarding sustainability issues, obtaining a sustainable balance in total cost which
achieves a reduction in environmental and well as economic impact is desirable.

Table 3.3 Comparison of result values for the UK10 instances.

BKS KSVC15 BR-CWS %Gaps

Instances
Driver

(£)
Fuel
(£)

Total
(£)

Total
(£)

#Vehs
Driver

(£)
Fuel
(£)

Total
(£)

#Vehs
Total

(a)-(c)
Total

(b)-(c)
Driver
(a)-(c)

Fuel
(a)-(c)

UK10 01 68.5 100.4 168.8 169.0 2.0 72.0 98.8 170.8 2.0 1.2 1.1 5.1 -1.6
UK10 02 76.0 127.9 203.8 203.8 2.0 77.9 127.0 204.9 2.0 0.6 0.6 2.5 -0.7
UK10 03 76.9 121.3 198.3 198.5 2.1 79.6 120.6 200.2 3.0 1.0 0.9 3.5 -0.6
UK10 04 71.3 115.8 187.0 187.3 2.0 74.1 114.1 188.2 2.0 0.6 0.5 3.9 -1.5
UK10 05 66.1 106.8 172.9 172.9 2.0 67.7 106.2 173.9 2.0 0.6 0.6 2.4 -0.6
UK10 06 73.9 135.5 209.4 209.4 2.0 81.6 134.1 215.7 2.0 3.0 3.0 10.5 -1.1
UK10 07 70.4 119.6 190.0 190.1 2.0 72.2 119.7 191.9 2.0 1.0 0.9 2.5 0.1
UK10 08 83.8 138.4 222.2 222.2 2.0 90.4 138.3 228.7 2.0 2.9 2.9 7.8 0.0
UK10 09 65.2 109.4 174.5 174.5 2.0 66.3 110.2 176.5 2.0 1.2 1.2 1.7 0.8
UK10 10 72.6 117.2 189.8 189.8 2.0 73.1 118.9 192.0 2.0 1.2 1.2 0.7 1.5
UK10 11 94.0 168.1 262.1 262.1 2.0 96.5 169.1 265.5 2.0 1.3 1.3 2.6 0.6
UK10 12 68.6 111.9 180.5 180.5 2.0 70.1 110.9 181.1 2.0 0.3 0.3 2.2 -0.9
UK10 13 71.4 121.8 193.3 193.3 2.0 73.3 120.0 193.3 2.0 0.0 0.0 2.6 -1.5
UK10 14 60.9 97.3 158.3 158.3 2.0 60.9 98.3 159.2 2.0 0.6 0.6 0.0 1.1
UK10 15 48.4 71.7 120.1 120.1 2.0 49.3 72.7 122.0 2.0 1.6 1.6 1.8 1.4
UK10 16 74.9 108.8 183.8 184.8 2.0 76.4 107.9 184.3 2.0 0.3 -0.3 2.1 -0.8
UK10 17 60.4 95.6 155.9 155.9 2.0 60.4 95.6 155.9 2.0 0.0 0.0 0.0 0.0
UK10 18 61.8 96.9 158.6 158.6 2.0 63.5 95.5 159.0 2.0 0.3 0.3 2.8 -1.4
UK10 19 63.1 102.4 165.4 165.4 2.0 63.1 102.4 165.4 2.0 0.0 0.0 -0.1 0.0
UK10 20 67.3 99.2 166.5 166.6 2.0 69.3 99.9 169.3 2.0 1.7 1.6 3.0 0.7

Average 69.8 113.3 183.1 183.2 2.0 71.9 113.0 184.9 2.1 1.0 0.9 2.9 -0.2

%Gaps for the solution:
(a) BKS (b) KSVC15 and (c) BR-CWS
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Table 3.4 Comparison of result values for the UK50 instances.

BKS KSVC15 BR-CWS %Gaps

Instances
Driver

(£)
Fuel
(£)

Total
(£)

Total
(£)

#Vehs
Driver

(£)
Fuel
(£)

Total
(£)

#Vehs
Total

(a)-(c)
Total

(b)-(c)
Driver
(a)-(c)

Fuel
(a)-(c)

UK50 01 247.0 337.0 584.0 584.6 7.0 262.1 334.0 596.1 14.0 2.1 2.0 6.1 -0.9
UK50 02 247.3 345.1 592.4 592.8 7.0 258.5 334.0 592.5 13.0 0.0 -0.1 4.5 -3.2
UK50 03 259.3 355.6 614.9 615.2 7.0 270.8 354.1 624.9 13.0 1.6 1.6 4.5 -0.4
UK50 04 299.3 434.7 734.0 735.8 8.0 313.3 431.8 745.1 15.0 1.5 1.3 4.7 -0.7
UK50 05 251.2 367.5 618.8 618.9 6.0 271.9 351.3 623.2 15.0 0.7 0.7 8.2 -4.4
UK50 06 252.7 318.3 571.0 573.9 8.0 261.1 313.9 575.0 14.0 0.7 0.2 3.3 -1.4
UK50 07 223.4 296.9 520.3 521.7 7.0 235.1 290.1 525.2 12.0 1.0 0.7 5.2 -2.3
UK50 08 232.2 314.6 546.8 548.1 7.0 244.5 309.5 553.9 12.0 1.3 1.1 5.3 -1.6
UK50 09 275.5 395.1 670.6 672.4 7.0 293.9 392.8 686.6 13.0 2.4 2.1 6.7 -0.6
UK50 10 271.9 389.6 661.6 661.7 7.0 300.1 403.3 703.5 13.0 6.3 6.3 10.4 3.5
UK50 11 249.9 358.2 608.1 608.1 7.0 269.1 360.4 629.5 15.0 3.5 3.5 7.7 0.6
UK50 12 235.0 329.1 564.2 565.8 6.9 257.5 342.3 599.8 13.0 6.3 6.0 9.6 4.0
UK50 13 244.8 325.7 570.5 571.1 7.0 254.6 317.1 571.6 13.0 0.2 0.1 4.0 -2.7
UK50 14 261.5 382.4 643.9 645.0 7.0 284.7 391.0 675.6 15.0 4.9 4.8 8.9 2.2
UK50 15 238.7 341.1 579.7 580.2 6.0 252.6 334.8 587.4 15.0 1.3 1.2 5.9 -1.9
UK50 16 235.9 330.8 566.7 567.6 7.0 254.5 333.0 587.5 13.0 3.7 3.5 7.9 0.7
UK50 17 210.2 233.5 443.6 443.7 7.0 213.8 230.5 444.3 15.0 0.2 0.1 1.7 -1.3
UK50 18 282.1 386.5 668.6 669.4 8.0 295.1 376.7 671.8 13.0 0.5 0.4 4.6 -2.5
UK50 19 244.5 333.9 578.4 580.6 7.0 258.7 328.3 587.0 13.0 1.5 1.1 5.8 -1.7
UK50 20 274.7 392.6 667.2 667.3 7.0 287.0 388.3 675.3 14.0 1.2 1.2 4.5 -1.1

Average 251.9 348.4 600.3 601.2 7.0 266.9 345.9 612.8 13.7 2.0 1.9 6.0 -0.8

%Gaps for the solution:
(a) BKS (b) KSVC15 and (c) BR-CWS
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Table 3.5 Comparison of result values for the UK100 instances.

BKS KSVC15 BR-CWS %Gaps

Instances
Driver

(£)
Fuel
(£)

Total
(£)

Total
(£)

#Vehs
Driver

(£)
Fuel
(£)

Total
(£)

#Vehs
Total

(a)-(c)
Total

(b)-(c)
Driver
(a)-(c)

Fuel
(a)-(c)

UK100 01 504.6 696.1 1200.6 1202.1 14.0 531.1 675.1 1206.2 14.0 0.5 0.3 5.3 -3.0
UK100 02 475.6 655.9 1131.5 1132.5 13.0 508.5 656.8 1165.3 13.0 3.0 2.9 6.9 0.1
UK100 03 457.5 611.0 1068.5 1069.8 13.0 481.3 596.4 1077.8 13.0 0.9 0.7 5.2 -2.4
UK100 04 466.5 582.3 1048.8 1051.2 14.0 487.1 564.8 1051.8 15.0 0.3 0.1 4.4 -3.0
UK100 05 459.6 559.9 1019.4 1022.9 14.8 541.0 676.6 1217.6 15.0 19.4 19.0 17.7 20.9
UK100 06 503.9 671.0 1174.9 1178.9 14.0 528.7 651.0 1179.7 14.0 0.4 0.1 4.9 -3.0
UK100 07 439.5 595.5 1035.0 1036.0 12.0 473.0 602.5 1075.5 12.0 3.9 3.8 7.6 1.2
UK100 08 455.3 622.6 1077.9 1079.2 12.6 479.2 606.4 1085.6 12.0 0.7 0.6 5.3 -2.6
UK100 09 420.9 535.4 956.3 958.9 13.0 444.2 529.1 973.2 13.0 1.8 1.5 5.5 -1.2
UK100 10 441.6 599.9 1041.5 1043.3 12.0 458.9 584.8 1043.7 13.0 0.2 0.0 3.9 -2.5
UK100 11 503.9 670.0 1173.9 1176.6 14.0 527.1 647.5 1174.7 15.0 0.1 -0.2 4.6 -3.4
UK100 12 435.2 576.7 1011.9 1016.2 12.1 456.8 560.6 1017.4 13.0 0.5 0.1 5.0 -2.8
UK100 13 475.3 641.3 1116.5 1117.4 13.0 506.7 639.5 1146.2 13.0 2.7 2.6 6.6 -0.3
UK100 14 515.8 715.6 1231.3 1232.5 14.0 543.9 697.6 1241.5 15.0 0.8 0.7 5.5 -2.5
UK100 15 541.7 741.3 1283.0 1285.6 15.0 565.5 739.2 1304.6 15.0 1.7 1.5 4.4 -0.3
UK100 16 417.9 540.0 957.9 959.9 12.0 449.0 548.4 997.3 13.0 4.1 3.9 7.4 1.6
UK100 17 530.7 711.8 1242.5 1244.7 15.0 569.3 719.4 1288.8 15.0 3.7 3.5 7.3 1.1
UK100 18 451.9 610.0 1061.9 1066.4 13.0 479.0 602.0 1081.0 13.0 1.8 1.4 6.0 -1.3
UK100 19 439.8 558.6 998.4 1000.1 13.0 462.8 549.5 1012.3 13.0 1.4 1.2 5.2 -1.6
UK100 20 514.5 710.7 1225.2 1228.3 14.0 555.1 721.2 1276.2 14.0 4.2 3.9 7.9 1.5

Average 472.6 630.3 1102.8 1105.1 13.4 502.4 628.4 1130.8 13.7 2.6 2.4 6.3 -0.2

%Gaps for the solution:
(a) BKS (b) KSVC15 and (c) BR-CWS
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Table 3.6 Comparison of result values for the UK200 instances.

BKS KSVC15 BR-CWS %Gaps

Instances
Driver

(£)
Fuel
(£)

Total
(£)

Total
(£)

#Vehs
Driver

(£)
Fuel
(£)

Total
(£)

#Vehs
Total

(a)-(c)
Total

(b)-(c)
Driver
(a)-(c)

Fuel
(a)-(c)

UK200 01 900.6 1101.3 2001.9 2008.5 28.0 941.0 1071.9 2012.9 28.0 0.6 0.2 4.5 -2.7
UK200 02 828.2 1056.9 1885.1 1893.7 24.0 865.8 1018.0 1883.8 24.0 -0.1 -0.5 4.5 -3.7
UK200 03 875.3 1056.0 1931.3 1937.4 27.1 918.4 1033.6 1952.0 27.0 1.1 0.8 4.9 -2.1
UK200 04 832.4 991.8 1824.2 1837.3 26.1 867.5 961.1 1828.6 26.0 0.2 -0.5 4.2 -3.1
UK200 05 912.5 1164.1 2076.7 2088.3 27.0 944.0 1146.3 2090.4 27.0 0.7 0.1 3.5 -1.5
UK200 06 823.7 959.7 1783.4 1787.3 26.9 927.8 919.2 1847.0 27.0 3.6 3.3 12.6 -4.2
UK200 07 862.0 1042.5 1904.5 1911.7 27.0 967.1 1002.4 1969.5 27.0 3.4 3.0 12.2 -3.8
UK200 08 894.9 1116.7 2011.5 2017.1 27.0 1058.7 1072.1 2130.8 27.0 5.9 5.6 18.3 -4.0
UK200 09 799.1 954.7 1753.8 1758.8 25.1 912.9 911.6 1824.5 26.0 4.0 3.7 14.2 -4.5
UK200 10 928.3 1185.0 2113.4 2118.3 27.0 1036.8 1125.4 2162.2 28.0 2.3 2.1 11.7 -5.0
UK200 11 837.2 985.4 1822.6 1829.3 27.0 954.0 947.9 1902.0 28.0 4.4 4.0 14.0 -3.8
UK200 12 883.6 1158.6 2042.2 2054.0 25.0 981.0 1108.5 2089.5 26.0 2.3 1.7 11.0 -4.3
UK200 13 883.8 1153.4 2037.2 2044.2 25.0 995.1 1113.6 2108.7 26.0 3.5 3.2 12.6 -3.5
UK200 14 865.7 1053.0 1918.6 1924.0 27.0 959.4 1011.1 1970.5 27.0 2.7 2.4 10.8 -4.0
UK200 15 872.7 1118.4 1991.1 1996.8 25.3 1000.5 1085.6 2086.1 26.0 4.8 4.5 14.6 -2.9
UK200 16 877.8 1085.6 1963.4 1973.0 27.0 987.6 1038.7 2026.3 27.0 3.2 2.7 12.5 -4.3
UK200 17 912.5 1194.5 2107.1 2110.1 26.0 1007.7 1132.5 2140.2 26.0 1.6 1.4 10.4 -5.2
UK200 18 867.0 1063.8 1930.8 1938.8 26.9 974.7 1020.9 1995.7 27.0 3.4 2.9 12.4 -4.0
UK200 19 792.1 950.8 1742.8 1745.3 25.0 898.4 910.1 1808.5 25.0 3.8 3.6 13.4 -4.3
UK200 20 902.2 1151.5 2053.6 2061.0 26.4 1004.6 1092.3 2096.9 27.0 2.1 1.7 11.4 -5.1

Average 867.6 1077.2 1944.8 1951.7 26.3 960.2 1036.1 1996.3 26.6 2.7 2.3 10.7 -3.8

%Gaps for the solution:
(a) BKS (b) KSVC15 and (c) BR-CWS

3.6 Conclusion

It is evident from the literature that vehicle travelling distance is not the only optimisation
criterion for the VRP when considering sustainability issues. Vehicle speed as well as load
play a very crucial role in determining the amount of emissions on the vehicle route. As a
consequence, rich versions of the classical VRP that take into account real-world aspects are
constantly emerging, therefore, robust and efficient methods for tackling such ’rich’ VRPs
are required to achieve efficient vehicle route design and scheduling.

In this chapter, a randomised CWS heuristic is implemented within a multi-start framework
in order to tackle the sustainable vehicle Routing Problem, which aims to minimize CO2

emissions and driver costs while satisfying time-window restrictions. To deal with this
challenging problem, a hybrid probabilistic solution generation technique with local solution
improvement approach is implemented. This approach also integrates a procedure for setting
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vehicle departure times and speeds. The optimisation of these decisions offers some benefits
for environmentally friendly transportation activities. To evaluate our model, computational
experiments have been carried out using benchmark instances with a number of customers
ranging from 10 to 200 nodes. Our proposed methodology shows that it is able to solve large
instances of CVRP with sustainability dimensions successfully. Nonetheless, as the problem
size increases, the algorithm performance becomes weaker. This may be primarily due to
the solution generation diversification technique of the algorithm. For this reason, in the
next chapter,an efficient and straightforward Iterated Greedy method is proposed in order to
investigate the potential of achieving better quality solutions for large size problem instances.
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Chapter 4

Iterated Greedy- Local Search for the
SCVRP-2D

4.1 Introduction

In the previous chapter, a BR-CWS for the SCVRP-2D is presented. Despite the strength of
the heuristic in terms of search diversification, it is weak in terms of search intensification as
shown by the results in Table 3.5 and Table 3.6. Nevertheless, in this chapter, a straightforward
and efficient heuristic (Iterated Greedy with Local search) is proposed to overcome this
shortcoming. The Iterated Greedy (IG) heuristic was applied to solve the Permutation
Flowshop Scheduling Problem in order to minimise makespan (Ruiz and Stützle, 2007).
The authors stated that this heuristic can also be easily adapted to other flowshop problems.
This heuristic is reasonably simple to implement and it is also parameter free. For this
reason, the IG heuristic is highly efficient and has been able to achieve new best solutions for
Permutation Flowshop Scheduling Problem instances. For instance, Ruiz and Stützle (2007)
compared the IG to a hybrid Genetic Algorithm method to minimise makespan Ruiz et al.
(2006), they found that, this heuristic is superior in performance and simpler than the hybrid
Genetic Algorithm. In a more recent investigation, Ribas et al. (2015) tested several FSP
benchmark instances and compared the results obtained by two methods, Swarm Intelligence
based techniques and IG and found that the IG is stronger in terms of performance (efficiency
and stability).

Despite the proven impressive performance of this heuristic, its application is still quite
limited in the VRP literature. Besides, from our knowledge, the IG has not been applied
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in the VRP considering sustainability indicators. Moreover, the IG heuristic, despite its
simplicity, is very competitive in solving complex COPs as is the case of most efficient
metaheuristics. In the following section, some existing literature relevant to work around
the IG and the main procedures of the heuristic are discussed; The goals to achieve in this
chapter are: (i) to describe the main solution approach for the SCVRP-2D, (ii) implement
our proposed methodology to solve the SCVRP-2D, (iii) conduct computational experiments,
(iv) analysis of the results of the experiments. The remainder of this chapter is structured as
follows. In Section 4.2, details about the contribution of this chapter is presented. Section
4.3 gives a review of relevant literature around the IG heuristic applied to COPs. Section 4.4
describes the IG-LS proposed approach; in Section 4.5, computational experiments to test the
performance of our proposed method and analysis of results with a comparative evaluation
of our proposed IG-LS algorithm with some of the best known solutions in the literature is
presented. Section 4.6 provides a conclusive discussion of the proposed method and future
implementations are also discussed.

4.2 Contribution

For several decades, research into heuristic and metaheuristic methods have been proposed
to solve complex COPs. To the best of our knowledge, there is no research reported in
the literature that implements IG algorithm to solve the SCVRP-2D. As mentioned earlier,
IG heuristic has been successfully applied to solve the scheduling problems, especially the
PFSP which have so far obtained competitive result. Ruiz and Stützle (2007) proposed an IG
algorithm to solve the flow-shop problem with sequence dependent setup times, whereby the
setup time depends on the job previously processed on each machine. Moreover, the ability
of the proposed IG algorithm in finding feasible solutions within reasonable computation
times which are near to the optimum solutions, which makes its use justifiable in flow-shop
problems with sequence dependent setup times.

Therefore, one of the main contributions highlighted in this chapter is the implementation
of the IG-LS to solve the SCVRP-2D. Recall that, the objective of the SCVRP-2D is to
minimise the total cost comprising of the total fuel cost and the total driver cost and that
it is assumed fuel consumption is a representation of CO2 emissions. The choice of this
heuristic is because of its simplicity of application, speed in execution and flexibility. A key
achievement in this chapter is that the proposed approach is tailored to specifically adapt to
the SCVRP-2D. Recall that, SCVRP-2D is characterised by asymmetric distances and for
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this, the adapted CWS described in Chapter 3 is implemented to tackle the asymmetry of
costs. Moreover, the CWS heuristic is an efficient heuristic traditionally implemented for
solving VRPs and the IG heuristic has been shown to perform effectively for FSPS therefore,
combining these two methods seems logical.

4.3 IG Heuristic

A number of scheduling problems that have been solved by modification of the IG heuristic
or combined with other methods, have proven to obtain good-quality solutions. For instance,
Mohan and Gopalan (2014) proposed a modified version of the IG algorithm to minimise
the total cost along with duration of convergence for a task assignment problem. The main
aim of the modification is summarised as follow: (1) to enhance the quality of assignment
in every iteration; (2) to utilise the values from the preceding iterations; and (3) at the same
time assigning these smaller computations to internal processors to hasten the computation.
Naderi and Salmasi (2012) proposed a multi-objective IG algorithm to solve track scheduling
in cross-docking problems with temporary storage. For this problem, a multi-objective
algorithm employs advanced features such as modified crowding selection, restart phase
and local search. From the performance point of view, this proposed method showed better
solutions and outperformed other tested methods.

From the studies published in the literature on the IG heuristic, it is important to notice
that the IG has a broad applicability since it can be easily adapted to complex scheduling
problems with single or multiple objectives. For instance, Tkacenko and Vaidyanathan (2006)
proposed an IG based method to solve a bi-criterion problem for optimising flow-lines to
minimise total weighted completion time and Huerta-Muñoz et al. (2017) proposed an IG to
solve a market segmentation problem with multiple attributes.

In the VRP domain, integrating the IG heuristics with other optimisation techniques has
shown great potential. Fatnassi et al. (2013) proposed an integration of the IG with simu-
lated annealing to find the most efficient utilisation of the Personal Rapid Transit system
problem. The problem is a new technological advancement in public passenger short transit
vehicle. This will minimise energy consumption while also minimising wastage as a result
of empty trips. In Karabulut and Fatih Tasgetiren (2014), an IG heuristic that relies on
variable neighborhood search to enhance the solution quality was presented.They proved
that integrating the IG with other heuristics/metaheuristics constitutes a powerful solution
approach. Following on the works of Fatnassi et al. (2013), Yu and Lin (2015) proposed
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an IG heuristic based approach to solve the Time dependent Price- collection Arc Routing
Problem. Using a Personal Rapid Transit system problem, the authors obtain solutions that
maximises profit. The profit assumption is calculated as the revenue generated minus the
traveling cost, which is proportional to the traveling time. Additionally, the IG heuristic
has been successfully applied in other COPs such as Knapsack problem (Benedettini et al.,
2010).

The IG heuristic has some basic steps: destruction, construction, local improvement, and
acceptance criterion. The initial solution is generated as a sequence of solutions by a solution
construction heuristic. Subsequently, an improvement procedure is iterated in two main
phases; destruction and construction. The general Pseudocode for the IG algorithm is
provided in Algorithm 4.1.

Algorithm 4.1 General Iterated Greedy procedure
procedure ITERATEDGREEDY(π0)

while (termination criterion = f alse) do
πbest← π0
πd ← Destruction(π0)
πc← Construction(πd)
πc← LocalSearch(πc)
π0← AcceptanceCriterion(πc,π0)
if c(π0)< c(πbest) then

πbest← πc
end if

end while
return πbest

end procedure

Firstly, before the destruction procedure is initialised, a copy of the initial feasible solution
is saved as the best solution. Following that, the destruction process starts. Some solution
components are selected and removed from the initial feasible solution. This selection process
is guided according to a set criterion. After extracting some segments from the initial feasible
solution, the construction procedure is initialised; which is done by reapplying the initial
solution construction heuristic or by way of a neighbourhood-search type reconstruction.
The main idea behind the construction phase is that the cost is minimised. This process is
iterated until a complete candidate solution is generated. Following that, local search can be
applied to try to improve the candidate solution. Finally, an acceptance criterion is applied
to determine if the new candidate solution should be accepted or discarded. Regarding
the acceptance criterion, Ruiz and Stützle (2007) proposed to use a demon-like acceptance
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criterion which uses a random number to check to generate the probability of accepting the
new candidate solution. Hence, the new candidate solution is accepted if the criterion is
greater than or equal to the random number.

Despite great research effort around VRPs and successful application of IG in several COPs,
its application is still quite scarce in solving VRPs. For this reason, this chapter proposes to
implement the IG algorithm for the SCVRP-2D.

4.4 IG-LS solution generation framework

In this subsection, a detailed description of the main solution generation procedure of the
proposed IG-LS is given. The IG-LS approach relies on the integration of a CWS based
IG heuristic, local search and the Departure time and speed optimisation (DSO) technique
described in Chapter 3. As suggested in Herrero et al. (2014), the CWS heuristic has been
especially adapted for roads with the asymmetric type distances. For that reason, the proposed
algorithm is referred to as IG-LS. A flowchart representation of the IG-LS process is shown
in Figure 4.1. The main components of this algorithm consist of an initial feasible solution
generation, an iterative destruction/construction phase, and a local improvement procedure.
Each of the main stages of the algorithm is described in more details below.

4.4.1 Initial solution generation

To construct an initial feasible candidate solution,the the CWS heuristic is used. This
procedure follows the same steps as the initial solution generation procedure described in
Chapter 3. The CWS heuristic starts with a dummy solution where a vehicle has to serve only
one customer, and all customers are visited. Then, the ‘savings’ are computed as follows:
for each pair of customers, this measure represents the saving of combining the associated
routes. The next step is to sort the pairs of customers, which represent potential merges, by
the corresponding savings in descending order. The list is then traversed in an iteratively way
applying the feasible merges.
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4.4.2 Solution generation procedure

The IG-LS algorithm comprises of two main phases: destruction and construction. The
IG method shares close similarities with the Iterated Local Search (ILS) (Lourenço et al.,
2010). The basic difference is that the ILS repeatedly combines a perturbation search
(diversification) of the solution space and local search (intensification) of the base solution in
order to escape local optima. On the other hand, an IG algorithm iteratively combines a greedy
solution destruction (select and partially destroy some solutions) and construction (reconstruct
partially destroyed solution) processes.Some advantages of this type of algorithms are that
they are relatively simple to implement and are quite competitive in terms of solution quality.

The aim of the IG is to improve the total cost of an initial solution. First, the base solution
and best solutions are set as the initial solution and an iterated greedy improvement process
in Algorithm 4.2 starts. This process is iterated until a stopping condition (e.g., set time limit)
is reached. Each iteration of the process follows these steps:

– Destruction-construction: Each route in a given solution is considered a candidate for
partial destruction. A percentage ρ of the routes is chosen at random to be destroyed.
This process is straightforward because fuel consumption and travel time of any edge
may change due to the change in departure time and speed after the route reconstruction.
This change must be taken into account by the DSO procedure integrated within the
CWS, which leads to the re-evaluation of the affected routes. If the reconstructed route
is both feasible and better in terms of costs (acceptance criterion), it is merged into the
partial solution; otherwise the new route is discarded and the old one is reintroduced.
Hereafter, the new solution obtained after reconstruction is accepted as feasible.

– Local improvement: Once a complete feasible solution has been generated, a memory-
based local search (described in Chapter 3) is applied. The local search applies a
learning mechanism to store a hash table of best-found route orderings. Whenever a
new nodes-visiting order is found, the cache of routes is updated.

– Acceptance criterion: Finally, after a new complete candidate solution is generated,
an acceptance criterion is applied. This decides whether the new candidate solution is
accepted as the best solution is applied. In particular, the new solution is accepted if
the total cost is improved or remains unchanged. One of the main difference between
our approach and Ruiz and Stützle (2007) is that, they used an IG algorithm to solve
the PFSP while in this chpater, the IG with local search enriched with a DSO and route
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cache local search method to solve a “sustainable” CVRP is applied. Moreover, the
distinctive characteristic of our approach is the hybridisation of DSO technique within
the CWS heuristic is implemented in order to generate arc travelling times.

Figure 4.1 Flowchart of the IG-LS for the SCVRP-2D.

4.5 Computational experiments

This section provides the results of extensive computational experiments performed to assess
the performance of our proposed approach. First, a description of the experimental settings
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Algorithm 4.2 IG-LS solution generation procedure
procedure IG-LS(inputs, algParam)
% inputs: problem inputs
% algParam: ρ , x, β and nIter

▷ ρ: % of routes for removal (destruction)
▷ x: number of insertion positions(Construction)

▷ β : weight parameter for computing asymmetric list
▷ nIter: max number of iterations

1: edges← createEdges(prpInputs, DSO)
2: savingsList ← computeSavingsList(edges, β ) ▷ CWS
3: initialSol ← empty
4: while (savingsList is not empty) do
5: edge← selectNextEdge(savingsList)
6: if (merge is feasible) then
7: auxSol← merge(auxSol,edge)
8: end if
9: auxSol← setTime(auxSol,DSO)

10: if (cost(auxSol) ≤ cost(initialSol)) then
11: initialSol← auxSol
12: end if
13: initialSol← localImprovement(initialSol) ▷ hash table
14: end while
15: baseSol← initialSol
16: bestSol← baseSol
17: iter← 0
18: while (iter ≤ nIter) do
19: newSol← destructionConstruction(baseSol,ρ,x)
20: newSol← UpdateTime(newSol,DSO)
21: newSol← localSearch(newSol) ▷ hash table
22: newSol← AcceptanceCriterion(newSol,bestSol)
23: if newSol ≤ bestSol then
24: bestSol← newSol
25: end if
26: iter++
27: end while
28: return bestSol

end procedure
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Algorithm 4.3 Destruction and Construction procedure
1: procedure DESTRUCTIONCONSTRUCTION(initialsol,ρ,x, inputs)

▷ ρ: % of routes for removal (destruction)
▷ x: % of nodes for removal(destruction)

2: partialSol← extractRoutes(initialsol,ρ)
3: nodeList← extractNodes(partialSol,x)
4: subSol← CWS(nodeList, inputs,β ,DSO)
5: newSol← add(subSol, partialSol)
6: return newSol
7: end procedure

is given. Next, analysis of the performance of the IG-LS algorithm is provided. The IG-LS
is compared with the results of the computational experiments of the BR-CWS proposed
approach in the previous chapter. The IG and BR-CWS both rely on the CWS heuristic to
generate initial solution. While the IG applies the destruction and construction procedure
to improve on the initial solution, the BR-CWS relies on a multi-start technique based
on randomisation of the CWS heuristic to improve the initial solution. Furthermore, both
algorithms apply the memory-based local search. To further evaluate the performance of our
approach, a comparison of the quality of our solutions against the average solutions provided
by the approach of Kramer et al. (2015a) represented by KSVC15, and the Best Known
Solutions (BKSs).

The data sets description are the same as provided in Chapter 3. In this chapter,test instances
with 10, 50, and 100 nodes are used. The algorithm is implemented as Java application, and
all tests were run on a computer with a Core i5, 2.30 GHz processor and 4 GB of RAM. All
result tables contain the same information as the previous chapter.

4.5.1 Comparative analysis of the IG-LS algorithm behaviour on solu-
tion quality

This section presents the numerical analysis and discusses our findings. The analysis in this
subsection is mainly focused on the general behaviour of the IG heuristic and the potential
benefits of apply this heuristic in terms of general solution quality. Nevertheless, an analysis
of the sustainability dimensions is given in the subsequent subsection. Tables 4.1 to 4.4
present the results of the experiments.

Specifically, in comparison to the BR-CWS, the IG-LS reports improvements of up to 0.6%,
0.2%, 0.4% and 2.1% for the UK10, UK50, UK100 and UK200 node instances respectively.
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Nonetheless, the margin is not huge. Regarding the computation time, this is not reported
as the computation time of both algorithms is relatively similar. This may be attributed the
efficiency of the CWS heuristic implemented within both approaches to generate the initial
solutions and within the solution generation procedure.

Table 4.1 Comparison of result values for the UK10 instances.

BKS KSVC15 BR-CWS IG-LS %Gaps

Instances
Total
(£)

Total
(£)

#Vehs
Total
(£)

#Vehs
Total
(£)

#Vehs
Total

(a)-(d)
Total

(b)-(d)
Total

(c)-(d)

UK10 01 168.8 169.0 2.0 170.8 2.0 170.7 2.0 1.1 1.0 -0.1
UK10 02 203.8 203.8 2.0 204.9 2.0 203.9 2.0 0.1 0.1 -0.5
UK10 03 198.3 198.5 2.1 200.2 3.0 199.5 2.0 0.6 0.5 -0.4
UK10 04 187.0 187.3 2.0 188.2 2.0 187.4 2.0 0.2 0.0 -0.4
UK10 05 172.9 172.9 2.0 173.9 2.0 173.0 2.0 0.0 0.0 -0.5
UK10 06 209.4 209.4 2.0 215.7 2.0 212.7 2.0 1.5 1.5 -1.4
UK10 07 190.0 190.1 2.0 191.9 2.0 190.0 2.0 0.0 0.0 -1.0
UK10 08 222.2 222.2 2.0 228.7 2.0 224.1 2.0 0.8 0.8 -2.1
UK10 09 174.5 174.5 2.0 176.5 2.0 174.7 2.0 0.1 0.1 -1.0
UK10 10 189.8 189.8 2.0 192.0 2.0 190.0 2.0 0.1 0.1 -1.1
UK10 11 262.1 262.1 2.0 265.5 2.0 262.5 2.0 0.2 0.2 -1.1
UK10 12 180.5 180.5 2.0 181.1 2.0 181.1 2.0 0.3 0.3 0.0
UK10 13 193.3 193.3 2.0 193.3 2.0 193.5 2.0 0.1 0.1 0.1
UK10 14 158.3 158.3 2.0 159.2 2.0 158.2 2.0 0.0 0.0 -0.6
UK10 15 120.1 120.1 2.0 122.0 2.0 120.2 2.0 0.1 0.1 -1.5
UK10 16 183.8 184.8 2.0 184.3 2.0 184.3 2.0 0.3 -0.3 0.0
UK10 17 155.9 155.9 2.0 155.9 2.0 155.9 2.0 0.0 0.0 0.0
UK10 18 158.6 158.6 2.0 159.0 2.0 158.9 2.0 0.2 0.2 -0.1
UK10 19 165.4 165.4 2.0 165.4 2.0 165.4 2.0 0.0 0.0 0.0
UK10 20 166.5 166.6 2.0 169.3 2.0 167.3 2.0 0.5 0.4 -1.2

Average 183.1 183.2 2.0 184.9 2.1 183.7 2.0 0.3 0.3 -0.6

%Gaps for the solution:
(a) BKS (b) KSVC15 (c) BR-CWS and (d) IG-LS

When analysing the performance of the IG-LS in comparison to KSVCS15 solutions and
the BKSs, the IG-LS reports slightly worse solutions which are shown in the result tables.
In particular, for the UK10 node instance, the IG-LS approach is 0.3% more expensive on
average for both the KSVCS15 and the BKS, while the UK50 node instances, it shows an
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Table 4.2 Comparison of result values for the UK50 instances.

BKS KSVC15 BR-CWS IG-LS %Gaps

Instances
Total
(£)

Total
(£) #Vehs

Total
(£) #Vehs

Total
(£) #Vehs

Total
(a)-(d)

Total
(b)-(d)

Total
(c)-(d)

UK50 01 584.0 584.6 7.0 596.1 7.0 595.1 7.0 1.9 1.8 -0.2
UK50 02 592.4 592.8 7.0 592.5 7.0 592.7 7.0 0.1 0.0 0.0
UK50 03 614.9 615.2 7.0 624.9 7.0 615.3 7.0 0.1 0.0 -1.6
UK50 04 734.0 735.8 8.0 745.1 8.0 750.0 8.0 2.1 1.9 0.7
UK50 05 618.8 618.9 6.0 623.2 6.0 628.0 6.0 1.5 1.5 0.8
UK50 06 571.0 573.9 8.0 575.0 8.0 614.9 8.0 7.1 6.7 6.5
UK50 07 520.3 521.7 7.0 525.2 7.0 530.8 7.0 2.0 1.7 1.0
UK50 08 546.8 548.1 7.0 553.9 7.0 549.2 7.0 0.4 0.2 -0.9
UK50 09 670.6 672.4 7.0 686.6 8.0 706.3 8.0 5.1 4.8 2.8
UK50 10 661.6 661.7 7.0 703.5 8.0 667.2 8.0 0.9 0.8 -5.4
UK50 11 608.1 608.1 7.0 629.5 7.0 633.8 7.0 4.1 4.1 0.7
UK50 12 564.2 565.8 6.9 599.8 7.0 576.1 7.0 2.1 1.8 -4.1
UK50 13 570.5 571.1 7.0 571.6 7.0 584.7 7.0 2.4 2.3 2.2
UK50 14 643.9 645.0 7.0 675.6 7.0 654.0 7.0 1.5 1.4 -3.3
UK50 15 579.7 580.2 6.0 587.4 7.0 588.5 7.0 1.5 1.4 0.2
UK50 16 566.7 567.6 7.0 587.5 7.0 569.1 7.0 0.4 0.3 -3.2
UK50 17 443.6 443.7 7.0 444.3 8.0 445.5 8.0 0.4 0.4 0.3
UK50 18 668.6 669.4 8.0 671.8 8.0 671.9 8.0 0.5 0.4 0.0
UK50 19 578.4 580.6 7.0 587.0 7.0 584.3 7.0 1.0 0.6 -0.5
UK50 20 667.2 667.3 7.0 675.3 7.0 670.6 7.0 0.5 0.5 -0.7
Average 600.3 601.2 7.0 612.8 7.3 611.4 7.3 1.8 1.6 -0.2
%Gaps for the solution:
(a) BKS (b) KSVC15 (c) BR-CWS and (d) IG-LS

average worse gap of 1.6% and 1.8% for the KSCVS15 and the BKS respectively. Similar
behaviour can be observed for the UK100 node and UK200 instances where averages gap of
0.8% and 1.0% were also reported for the KSCVS15 and the BKS.
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Table 4.3 Comparison of result values for the UK100 instances.

BKS KSVC15 BR-CWS IG-LS %Gaps

Instances
Total
(£)

Total
(£) #Vehs

Total
(£) #Vehs

Total
(£) #Vehs

Total
(a)-(d)

Total
(b)-(d)

Total
(c)-(d)

UK100 01 1200.6 1202.1 14.0 1216.1 14.0 1210.9 14.0 0.8 0.7 -0.4
UK100 02 1131.5 1132.5 13.0 1145.5 13.0 1145.2 13.0 1.2 1.1 0.0
UK100 03 1068.5 1069.8 13.0 1082.8 13.0 1072.8 13.0 0.4 0.3 -0.9
UK100 04 1048.8 1051.2 14.0 1065.2 15.0 1054.2 15.0 0.5 0.3 -1.0
UK100 05 1019.4 1022.9 14.8 1037.7 15.0 1024.1 15.0 0.5 0.1 -1.3
UK100 06 1174.9 1178.9 14.0 1192.9 14.0 1179.8 14.0 0.4 0.1 -1.1
UK100 07 1035.0 1036.0 12.0 1048.0 12.0 1039.5 12.0 0.4 0.3 -0.8
UK100 08 1077.9 1079.2 12.6 1091.8 12.0 1087.7 12.0 0.9 0.8 -0.4
UK100 09 956.3 958.9 13.0 971.9 13.0 966.2 13.0 1.0 0.8 -0.6
UK100 10 1041.5 1043.3 12.0 1055.3 13.0 1067.0 13.0 2.4 2.2 1.1
UK100 11 1173.9 1176.6 14.0 1190.6 15.0 1189.3 15.0 1.3 1.1 -0.1
UK100 12 1011.9 1016.2 12.1 1028.3 13.0 1021.9 13.0 1.0 0.6 -0.6
UK100 13 1116.5 1117.4 13.0 1130.4 13.0 1127.3 13.0 1.0 0.9 -0.3
UK100 14 1231.3 1232.5 14.0 1246.5 15.0 1241.3 15.0 0.8 0.7 -0.4
UK100 15 1283.0 1285.6 15.0 1300.6 15.0 1300.8 15.0 1.4 1.2 0.0
UK100 16 957.9 959.9 12.0 971.9 13.0 970.3 13.0 1.3 1.1 -0.2
UK100 17 1242.5 1244.7 15.0 1259.7 15.0 1251.4 15.0 0.7 0.5 -0.7
UK100 18 1061.9 1066.4 13.0 1079.4 13.0 1077.0 13.0 1.4 1.0 -0.2
UK100 19 998.4 1000.1 13.0 1013.1 13.0 1012.9 13.0 1.4 1.3 0.0
UK100 20 1225.2 1228.3 14.0 1242.3 14.0 1239.7 14.0 1.2 0.9 -0.2
Average 1102.8 1105.1 13.4 1118.5 13.7 1114.0 13.7 1.0 0.8 -0.4

%Gaps for the solution:
(a) BKS (b) KSVC15 (c) BR-CWS and (d) IG-LS
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Table 4.4 Comparison of result values for the UK200 instances.

BKS KSVC15 BR-CWS IG-LS %Gaps

Instances
Total
(£)

Total
(£)

#Vehs
Total
(£)

#Vehs
Total
(£)

#Vehs
Total

(a)-(d)
Total

(b)-(d)
Total

(c)-(d)

UK200 01 2001.9 2008.5 28.0 2012.9 28.0 2007.4 28.0 0.3 -0.1 -0.3
UK200 02 1885.1 1893.7 24.0 1883.8 24.0 1886.0 25.0 0.0 -0.4 0.1
UK200 03 1931.3 1937.4 27.1 1952.0 27.0 1925.8 27.0 -0.3 -0.6 -1.4
UK200 04 1824.2 1837.3 26.1 1828.6 26.0 1848.6 27.0 1.3 0.6 1.1
UK200 05 2076.7 2088.3 27.0 2090.4 27.0 2086.2 27.0 0.5 -0.1 -0.2
UK200 06 1783.4 1787.3 26.9 1847.0 27.0 1788.5 27.0 0.3 0.1 -3.3
UK200 07 1904.5 1911.7 27.0 1969.5 27.0 1917.3 27.0 0.7 0.3 -2.7
UK200 08 2011.5 2017.1 27.0 2130.8 27.0 2022.9 27.0 0.6 0.3 -5.3
UK200 09 1753.8 1758.8 25.1 1824.5 26.0 1769.7 25.0 0.9 0.6 -3.1
UK200 10 2113.4 2118.3 27.0 2162.2 28.0 2119.9 28.0 0.3 0.1 -2.0
UK200 11 1822.6 1829.3 27.0 1902.0 28.0 1832.1 28.0 0.5 0.2 -3.8
UK200 12 2042.2 2054.0 25.0 2089.5 26.0 2065.0 26.0 1.1 0.5 -1.2
UK200 13 2037.2 2044.2 25.0 2108.7 26.0 2051.9 25.0 0.7 0.4 -2.8
UK200 14 1918.6 1924.0 27.0 1970.5 27.0 1921.9 27.0 0.2 -0.1 -2.5
UK200 15 1991.1 1996.8 25.3 2086.1 26.0 2001.4 26.0 0.5 0.2 -4.2
UK200 16 1963.4 1973.0 27.0 2026.3 27.0 1976.9 27.0 0.7 0.2 -2.5
UK200 17 2107.1 2110.1 26.0 2140.2 26.0 2114.2 26.0 0.3 0.2 -1.2
UK200 18 1930.8 1938.8 26.9 1995.7 27.0 1937.4 27.0 0.3 -0.1 -3.0
UK200 19 1742.8 1745.3 25.0 1808.5 25.0 1747.0 25.0 0.2 0.1 -3.5
UK200 20 2053.6 2061.0 26.4 2096.9 27.0 2073.0 27.0 0.9 0.6 -1.2

Average 1944.8 1951.7 26.3 1996.3 26.6 1954.7 26.6 0.5 0.1 -2.1

%Gaps for the solution:
(a) BKS (b) KSVC15 (c) BR-CWS and (d) IG-LS

4.5.2 Comparative analysis of the IG-LS algorithm behaviour on the
sustainability dimensions

Table 4.5, presents the average cost over all chosen instances to investigate the behaviour
of the IG-LS on the economic and environmental dimensions of the optimisation function.
The first row represents the instance name. In rows 2-7, the average driver and fuel cost are
reported for the proposed IG-LS, the BR-CWS implemented in the previous chapter and the
BKS. For small size instance (10), the IG-LS methodology gets a more expensive driver
cost w.r.t BKS and the BR-CWS by an average of 4.36% and 1.43% respectively. Then
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again, the IG-LS is cheaper than the BKS and BR-CSW in terms of the fuel consumption
cost by an average of 2.12% and 1.89%. Similarly, in the medium size instance (UK50), the
IG-LS driver cost is more expensive than the BKS but cheaper than the solution provided
by the BR-CWS with 4.80% and 1.07% respectively. In general, it can be observed that the
IG-LS due to its intensification strategy manages to obtain cheaper solutions concerning
environmental costs.

Table 4.5 Comparison of result values for driver costs and fuel costs.

BKS BR-CWS IG-LS %Gaps

Instances
Driver

(£)
Fuel
(£)

Driver
(£)

Fuel
(£)

Driver
(£)

Fuel
(£)

Driver
(a)-(c)

Driver
(b)-(c)

Fuel
(a)-(c)

Fuel
(b)-(c)

UK10 69.78 113.30 71.88 113.01 73.07 110.62 4.36 1.43 -2.12 -1.89
UK50 251.86 348.40 266.94 345.86 263.99 338.04 4.80 -1.07 -3.00 -2.20

UK100 472.57 630.26 502.40 628.42 526.41 604.73 11.46 4.93 -4.05 -3.68
UK200 867.6 1077.2 960.2 1036.1 1058.7 895.9 3.3 -6.6 -1.8 2.1

%Gaps for the driver & fuel costs:
(a) BKS (b) BR-CWS and (c) IG-LS

4.6 Conclusion

In this chapter, the Iterated Greedy (IG) heuristic is applied to solve the VRP with environ-
mental consideration. The IG heuristic is a straightforward, parameter free and fast heuristic,
which has been proven to be highly efficient for tackling scheduling problem. However,
it is not commonly used for solving vehicle routing problems. The experimental results
show that the IG algorithm is able to produce good quality results for solving "rich" VRPs
which can easily accommodate other real-life VRP problem parameters. Also, the proposed
IG-LS algorithm, due to further enhancement with a LS technique, enables the algorithm to
explore a larger portion of the solution space, within short computation time. Computational
experiments have been carried out using benchmark instances with a number of customers
ranging from 10 to 100 nodes. Our proposed methodology shows is able to improve the
solutions found by the BR-CWS proposed in previous chapter. However, on the average,
the IG-LS algorithm obtains solutions that are 0.5% more expensive than the BKS in the
largest test instances. For this reason, in the next chapter, an efficient, hybridisation of biased
randomisation techniques with the IG-LS is proposed to investigate the potential of achieving
better quality solutions.
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Recently, the hybridisation of biased randomisation techniques with heuristics and meta-
heuristics have been shown to improve performance in solving difficult COPs (Juan et al.,
2014a). For this reason, hybridisisation of the biased randomised CWS heuristic with the IG-
LS algorithm is proposed to improve the solution quality in the next chapter. This proposed
approach – whose details are given in the next section – aims to increase exploration of the
solution space by intensifying the initial solution employed by the algorithm when several
iterations runs are executed
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Chapter 5

Biased Randomised Iterated
Greedy-Local search for the SCVRP-2D

5.1 Introduction

In the previous chapter, the IG-LS algorithm is proposed and implemented to solve the
SCVRP-2D. Computational experiments showed that the IG-LS method is able obtain
solutions that are 0.5% more expensive than the BKS in the largest test instances. Hence, in
this chapter, a hybrid algorithm based on the BR-CWS solving technique implemented in
Chapter 3 with IG-LS implemented in Chapter 4 is proposed to investigate the potential of
achieving better quality solutions. Some authors have proposed the use the hybridisation of
IG heuristic and optimisation methods, which have been found to achieve good quality results.
For instance, Chalghoumi and Ladhari (2015) combined IG with simulated annealing to
minimise the total completion time for the two-machine flow-shop scheduling problem. The
advantage of this hybrid method is that it is easy to manipulate during implementation. It also
provides a compromise between intensification and diversification that improves the solution
quality by accepting better solutions. They used simulated annealing to generate initial
solutions then IG to obtain the goal. The characteristic of this method is that it can accept
the solutions that improve the current solution and also accept solutions that deteriorate the
current solution. The idea behind IG is to generate a sequence of solutions and then choose
the best solution.

Although the previously proposed methods have been successful in solving complex COPs,
in recent years, hybrid methods are reported to perform better in some specific problems. In
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particular, enhancing the performance of an IG heuristic with efficient solution generation
techniques has proven to be quite successful for flow-shop problems. Hence, for this
chapter,the hybridisation of the Biased Randomised Clarke and Wright with Iterated Greedy
Local Search is proposed to solve the SCVRP-2D with departure time and speed optimisation
(BRIG-LS). The remainder of this chapter is structured as follows: Section 5.2, the original
contributions to the body of knowledge is highlighted; Section 5.3 provides a description of
the problem and optimisation model. In Section 5.4, a description the BRIG-LS approach is
given and experiments details and analysis of the results of the experiments are presented in
Section 5.5. Lastly, presented in Section 5.6 is the chapter conclusion.

5.2 Contribution

The main aim of the work presented in this chapter is to integrate two of the leading heuristics
that have been very successful in COPs into an efficient soution framework for the SCVRP-
2D. To achieve this aim, an IG heuristic with a CWS, local search and a departure time
and speed optimisation technique is developed. Additionally, this is enhanced by a memory
based local search method within the IG framework. For each of the components within the
proposed algorithm, the particular problem structure is adequately exploited. Our empirical
work indicates the positive impact of each of these components when integrated into the
metaheuristic. When compared to the existing work, the proposed heuristic provides solutions
of better quality than those found by the other heuristic under similar, and in many cases
significantly less, computational effort. Furthermore, when compared to existing work, our
heuristic is found more robust on finding feasible solutions for the hardest data sets.

IG-LS algorithm obtains promising results in terms of accuracy and speed. In this chapter, an
investigation on the performance of the proposed hybridised IG-LS and BR-CWS approach
(BRIG-LS) is presented. The DSO technique described in Chapter 3 is integrated into the
BRIG-LS to generate departure times and speeds for the each arc in the solution space.

5.3 Problem description

This study deals with the problem of routing and scheduling of vehicles to consider the
environmental as well as operational costs associated. Speed of vehicles on each arc as well
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as the driver departure time decisions are integrated into the problem. A detailed description
and optimisation model of this problem is given in Chapter 3.

5.4 Biased Randomised Iterated Greedy framework

This section discusses how to the randomised classical CWS in order to transform it from
a deterministic heuristic into more efficient probabilistic heuristic. The choice of this
heuristic was because of its simplicity of application, speed in execution and flexibility.
Considering that the CWS has very low execution times, the randomisation does not increase
computational complexity. Additionally, implementing this algorithm within a multi-start
scheme, a different solution can be generated each time the multi-start technique is executed.
This randomisation consists of using a skewed random number generator (e.g. geometric
probability distribution) to guide the constructive process while keeping the heuristic criterion.
This heuristic is then enhanced with the IG improvement and a local search technique. Within
the BRIG-LS framework, an iterative process to solve the SCVRP-2D is started and a solution
is obtained after each iteration. The solution with the minimum cost found is set as the best
solution. Each route contained in a solution consists of a round-trip, cost of the round-trip,
total distance travelled, vehicle departure time, and a matrix of speed. The main components
of the integrated BRIG-LS (Algorithm 5.1) consists of an initial solution generation, an
iterative solution perturbation phase, and a local improvement procedure. The main solution
generation procedure is described in more detail below.

5.4.1 Solution generation procedure

The main solution procedure shown in Algorithm 5.1 starts with an initial solution (baseSol)
and the process is described as follows:

1. Generate a base solution by solving the SCVRP-2D using the BR-CWS proposed in
Chapter 3 (lines 1 – 16).

2. Set baseSol as the initial solution and bestSol as the initial baseSol (lines 17 – 18).

3. Implement a BRIG-LS procedure to improve the bestSol to generate a newSol (lines
20-29). This procedure destruction follows the IG-LS presented in Chapter 3 and its
construction step relies the BR-CWS. Furthermore, in this procedure, the DSO is called
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after each solution is generated in order to estimate the traveling time associated with
each route in the solution. A local search based on the cache memory technique (?) is
also applied and lastly, an intuitive acceptance criterion is applied to assess the quality
of the solution. If the newSol cost improves the bestSol cost, the bestSol is replaced
by the newSol. The general steps in this procedure follow closely the IG algorithm
presented in Chapter 4. This process is repeated iteratively until a stopping criterion
(MaxTime) is reached.

4. Finally, the best solution bestSol is returned.

5.5 Computational experiments

In this section, an analysis of the efficiency of the proposed algorithm is conducted. First, a
description of the experimental settings is given. Next, analysis of the performance of three
algorithms: IG-LS, BR-CWS, and the BRIG-LS is presented. The BRIG-LS is compared
with the two separate algorithms that make up our proposed approach: IG-LS and BR-CWS.
The IG-LS and BR-CWS rely on the CWS heuristic to generate the initial solution. While
the IG applies the destruction and construction procedure to improve on the initial solution,
the BR-CWS employs a biased randomisation technique within a multi-start framework to
generate different solutions. Furthermore, all the compared algorithms apply the memory-
based local search to improve solutions. Afterwards, a comparison of the two algorithms with
our proposed BRIG-LS approach is shown, which allows us to measure the effect/impact
of merging the two algorithms. Finally, the solutions found by our approach are compared
against those provided by the approach of Kramer et al. (2015a) (represented by KSVC15),
and the Best Known Solution (BKS). All experiment parameters and setting follow Chapters
3 and 4. Result tables contain information about the total cost (£) which includes fuel cost,
driver cost, and the total number of vehicles used.

5.5.1 Comparison of algorithms

Fig. 5.1 shows a comparison of solution obtained for the instances among the different
approaches: BRIG-LS, IG-LS and BR-CWS. The methodological solution generation process
in Table 5.1 shows the details of each algorithmic process.
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Algorithm 5.1 BRIG-LS solution generation procedure
procedure BRIG-LS(inputs, DSmatrix, algParam)
% inputs: problem inputs
% DSmatrix: matrix of speed with departure time
% algParam: α , ρ , nIter and maxTime

▷ α ∼U(a,b): the geometric distribution parameter
▷ ρ: % of routes for removal (destruction)

▷ nIter: number of iterations
▷ maxTime: max computation time

1: edges← createEdges(prpInputs)
2: savingsList ← computeSavingsList(edges)
3: initialSol ← empty
4: cost(initialSol)← infinite
5: randomSavingsList ← biasedRandomisation(α,SavingsList)
6: auxSol ← empty
7: while (randomSavingsList is not empty) do
8: edge← selectNextEdge(randomSavingsList)
9: if (merge is feasible) then

10: auxSol← merge(auxSol,edge)
11: end if
12: auxSol← setTimeSpeed(auxSol,DSOmatrix)
13: if (cost(auxSol) ≤ cost(initialSol)) then
14: initialSol← auxSol
15: end if
16: end while
17: baseSol← initialSol
18: bestSol← baseSol
19: iter← 0
20: while (elapsedTime≤ maxTime) do
21: newSol← destructionConstruction(baseSol,ρ,x)
22: newSol← setTimeSpeed(newSol,DSOmatrix)
23: newSol← localImprovement(newSol) ▷ hash table
24: newSol← AcceptanceCriterion(newSol,bestSol)
25: if newSol ≤ bestSol then
26: bestSol← newSol
27: end if
28: iter++
29: end while
30: return bestSol

end procedure
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Table 5.1 Methodological generation of solutions

Approaches Initial sol sol improvement DSO LS

BR-CWS CWS multi-start BR-CWS yes yes
IG-LS CWS IG Perturbation yes yes
BRIG-LS BR-CWS BRIG yes yes

The results indicate that the BRIG-LS approach is able to outperform the BR-CWS and the
IG-LS by, on average, 0.09% and 0.13%, respectively. Thus, using the BR-CWS approach to
generate an initial solution and improving it with the IG-LS constitutes a significant overall
improvement.

Figure 5.1 Boxplot comparison among different algorithmic approaches.

5.5.2 Comparison against the KSVC15 and the BKSs in the literature

Table 5.2 - Table 5.5 present the results of the problem instances with 10, 100 and 200 nodes,
respectively. All tables have the same structure. The first set of columns refers to the solutions
found by the BRIG-LS, describing the total cost (£), distance travelled (km), driver costs and
fuel costs. The second set of columns represents the solutions of the KSVC15 and reports the
total cost, distance travelled, and number of vehicles, computation time and gap regarding the
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BRIG-LS solution in terms of total costs. Finally, the last set of columns describes the BKSs,
and details the total cost, distance, driver and fuel costs, and gap regarding the BRIG-LS
solution. Fig. 5.2 depicts boxplots of the gaps between our approach and the KSCV15 against
the BKSs for each group of instances.

Table 5.2 Comparison of result values for the UK10 instances.

BKS KSVC15 BRIG-LS %Gaps

Instances
Driver

(£)
Fuel
(£)

Total
(£)

Total
(£)

#Vehs
Driver

(£)
Fuel
(£)

Total
(£)

#Vehs
Total

(a)-(d)
Total

(b)-(d)
Driver
(a)-(d)

Fuel
(a)-(d)

UK10 01 68.5 100.4 168.8 169.0 2.0 70.5 98.4 168.8 2.0 0.0 -0.1 2.9 -2.0
UK10 02 76.0 127.9 203.8 203.8 2.0 77.9 125.0 202.9 2.0 -0.4 -0.4 2.5 -2.2
UK10 03 76.9 121.3 198.3 198.5 2.1 78.6 119.6 198.2 2.0 0.0 -0.1 2.2 -1.4
UK10 04 71.3 115.8 187.0 187.3 2.0 74.1 112.1 186.2 2.0 -0.5 -0.6 3.9 -3.2
UK10 05 66.1 106.8 172.9 172.9 2.0 67.7 105.2 172.9 2.0 0.0 0.0 2.4 -1.5
UK10 06 73.9 135.5 209.4 209.4 2.0 81.6 125.1 206.7 2.0 -1.3 -1.3 10.5 -7.7
UK10 07 70.4 119.6 190.0 190.1 2.0 72.2 117.7 189.9 2.0 -0.1 -0.1 2.5 -1.6
UK10 08 83.8 138.4 222.2 222.2 2.0 91.4 130.3 221.7 2.0 -0.2 -0.2 9.0 -5.8
UK10 09 65.2 109.4 174.5 174.5 2.0 66.3 107.2 173.5 2.0 -0.6 -0.6 1.7 -2.0
UK10 10 72.6 117.2 189.8 189.8 2.0 74.1 114.9 189.0 2.0 -0.4 -0.4 2.0 -1.9
UK10 11 94.0 168.1 262.1 262.1 2.0 96.5 165.1 261.5 2.0 -0.2 -0.2 2.6 -1.8
UK10 12 68.6 111.9 180.5 180.5 2.0 70.1 109.9 180.1 2.0 -0.2 -0.2 2.2 -1.8
UK10 13 71.4 121.8 193.3 193.3 2.0 73.3 120.0 193.3 2.0 0.0 0.0 2.6 -1.5
UK10 14 60.9 97.3 158.3 158.3 2.0 60.9 97.3 158.2 2.0 0.0 0.0 0.0 0.0
UK10 15 48.4 71.7 120.1 120.1 2.0 49.3 70.7 120.0 2.0 -0.1 -0.1 1.8 -1.3
UK10 16 74.9 108.8 183.8 184.8 2.0 74.7 107.9 182.5 2.0 -0.7 -1.2 -0.3 -0.8
UK10 17 60.4 95.6 155.9 155.9 2.0 60.4 95.6 155.9 2.0 0.0 0.0 0.0 0.0
UK10 18 61.8 96.9 158.6 158.6 2.0 62.5 95.5 158.0 2.0 -0.4 -0.4 1.2 -1.4
UK10 19 63.1 102.4 165.4 165.4 2.0 63.1 102.4 165.4 2.0 0.0 0.0 -0.1 0.0
UK10 20 67.3 99.2 166.5 166.6 2.0 72.3 93.9 166.3 2.0 -0.1 -0.2 7.5 -5.3

AVERAGE 69.8 113.3 183.1 183.2 2.0 71.9 110.7 182.6 2.0 -0.3 -0.3 2.9 -2.2

%Gaps for the solution:
(a) BKS (b) KSVC15 and (d) BRIG-LS
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Table 5.3 Comparison of result values for the UK50 instances.

BKS KSVC15 BRIG-LS %Gaps

Instances
Driver

(£)
Fuel
(£)

Total
(£)

Total
(£)

#Vehs
Driver

(£)
Fuel
(£)

Total
(£)

#Vehs
Total

(a)-(d)
Total

(b)-(d)
Driver
(a)-(d)

Fuel
(a)-(d)

UK50 01 247.0 337.0 584.0 584.0 7.0 252.0 312.6 564.6 7.0 -3.3 2.0 -7.2
UK50 02 247.3 345.1 592.4 592.4 7.0 256.7 335.1 591.8 7.0 -0.1 -0.1 3.8 -2.9
UK50 03 259.3 355.6 614.9 614.9 7.0 266.7 346.5 613.2 7.0 -0.3 -0.3 2.9 -2.6
UK50 04 299.3 434.7 734.0 734.0 8.0 312.7 430.5 743.2 8.0 1.3 1.3 4.5 -1.0
UK50 05 251.2 367.5 618.8 618.8 6.0 261.1 351.5 612.6 6.0 -1.0 -1.0 3.9 -4.4
UK50 06 252.7 318.3 571.0 571.0 8.0 261.0 303.9 564.9 8.0 -1.1 -1.1 3.3 -4.5
UK50 07 223.4 296.9 520.3 520.3 7.0 233.8 287.3 521.0 7.0 0.1 0.1 4.6 -3.2
UK50 08 232.2 314.6 546.8 546.8 7.0 241.8 303.2 545.1 7.0 -0.3 -0.3 4.1 -3.6
UK50 09 275.5 395.1 670.6 670.6 7.0 369.7 282.9 652.6 7.0 -2.7 -2.7 34.2 -28.4
UK50 10 271.9 389.6 661.6 661.6 7.0 286.9 374.8 661.7 7.0 0.0 0.0 5.5 -3.8
UK50 11 249.9 358.2 608.1 608.1 7.0 267.1 356.1 623.1 7.0 2.5 2.5 6.9 -0.6
UK50 12 235.0 329.1 564.2 564.2 6.9 253.4 312.2 565.6 7.0 0.3 0.3 7.8 -5.1
UK50 13 244.8 325.7 570.5 570.5 7.0 249.9 325.6 575.4 7.0 0.9 0.9 2.1 0.0
UK50 14 261.5 382.4 643.9 643.9 7.0 269.1 358.5 627.6 7.0 -2.5 -2.5 2.9 -6.3
UK50 15 238.7 341.1 579.7 579.7 6.0 249.3 328.0 577.3 6.0 -0.4 -0.4 4.5 -3.8
UK50 16 235.9 330.8 566.7 566.7 7.0 246.3 314.7 561.0 7.0 -1.0 -1.0 4.4 -4.9
UK50 17 210.2 233.5 443.6 443.6 7.0 213.5 218.8 432.3 8.0 -2.5 -2.5 1.6 -6.3
UK50 18 282.1 386.5 668.6 668.6 8.0 295.1 378.8 673.8 8.0 0.8 0.8 4.6 -2.0
UK50 19 244.5 333.9 578.4 578.4 7.0 258.7 328.3 587.0 7.0 1.5 1.5 5.8 -1.7
UK50 20 274.7 392.6 667.2 667.2 7.0 287.1 378.3 665.3 7.0 -0.3 -0.3 4.5 -3.6

AVERAGE 251.9 348.4 600.3 600.3 7.0 266.6 331.4 597.9 7.1 -0.4 -0.4 5.7 -4.8

%Gaps for the solution:
(a) BKS (b) KSVC15 and (d) BRIG-LS
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Table 5.4 Comparison of result values for the UK100 instances.

BKS KSVC15 BRIG-LS %Gaps

Instances
Driver

(£)
Fuel
(£)

Total
(£)

Total
(£)

#Vehs
Driver

(£)
Fuel
(£)

Total
(£)

#Vehs
Total

(a)-(d)
Total

(b)-(d)
Driver
(a)-(d)

Fuel
(a)-(d)

UK100 01 504.6 696.1 1200.6 1202.1 14.0 525.6 664.7 1190.3 14.0 -0.9 -1.0 4.2 -4.5
UK100 02 475.6 655.9 1131.5 1132.5 13.0 501.9 643.3 1145.2 13.0 1.2 1.1 5.5 -1.9
UK100 03 457.5 611.0 1068.5 1069.8 13.0 486.0 579.8 1065.8 13.0 -0.2 -0.4 6.2 -5.1
UK100 04 466.5 582.3 1048.8 1051.2 14.0 487.1 564.8 1051.8 15.0 0.3 0.1 4.4 -3.0
UK100 05 459.6 559.9 1019.4 1022.9 14.8 479.3 544.2 1023.6 15.0 0.4 0.1 4.3 -2.8
UK100 06 503.9 671.0 1174.9 1178.9 14.0 528.7 651.1 1179.8 14.0 0.4 0.1 4.9 -3.0
UK100 07 439.5 595.5 1035.0 1036.0 12.0 458.9 572.6 1031.5 12.0 -0.3 -0.4 4.4 -3.9
UK100 08 455.3 622.6 1077.9 1079.2 12.6 479.2 606.4 1085.6 12.0 0.7 0.6 5.2 -2.6
UK100 09 420.9 535.4 956.3 989.1 13.0 444.2 529.1 973.2 13.0 1.8 -1.6 5.5 -1.2
UK100 10 441.6 599.9 1041.5 1043.3 12.0 458.9 584.8 1043.7 12.0 0.2 0.0 3.9 -2.5
UK100 11 503.9 670.0 1173.9 1176.6 14.0 527.1 647.6 1174.7 15.0 0.1 -0.2 4.6 -3.4
UK100 12 435.2 576.7 1011.9 1016.2 12.1 456.8 560.6 1017.4 12.0 0.5 0.1 5.0 -2.8
UK100 13 475.3 641.3 1116.5 1117.4 13.0 495.8 617.0 1112.8 13.0 -0.3 -0.4 4.3 -3.8
UK100 14 515.8 715.6 1231.3 1232.5 14.0 542.7 694.9 1237.7 15.0 0.5 0.4 5.2 -2.9
UK100 15 541.7 741.3 1283.0 1285.6 15.0 565.5 714.2 1279.7 15.0 -0.3 -0.5 4.4 -3.7
UK100 16 417.9 540.0 957.9 959.9 12.0 435.2 520.3 955.6 12.0 -0.2 -0.5 4.2 -3.6
UK100 17 530.7 711.8 1242.5 1244.7 15.0 555.5 690.0 1245.5 15.0 0.2 0.1 4.7 -3.1
UK100 18 451.9 610.0 1061.9 1066.4 13.0 471.8 587.4 1059.2 13.0 -0.3 -0.7 4.4 -3.7
UK100 19 439.8 558.6 998.4 1000.1 13.0 458.0 539.8 997.8 13.0 -0.1 -0.2 4.1 -3.4
UK100 20 514.5 710.7 1225.2 1228.3 14.0 540.3 685.6 1225.8 14.0 0.1 -0.2 5.0 -3.5

AVERAGE 472.6 630.3 1102.8 1106.6 13.4 494.9 609.9 1104.8 13.5 0.2 -0.2 4.7 -3.2

%Gaps for the solution:
(a) BKS (b) KSVC15 and (d) BRIG-LS
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Table 5.5 Comparison of result values for the UK200 instances.

BKS KSVC15 BRIG-LS %Gaps

Instances
Driver

(£)
Fuel
(£)

Total
(£)

Total
(£)

#Vehs
Driver

(£)
Fuel
(£)

Total
(£)

#Vehs
Total

(a)-(d)
Total

(b)-(d)
Driver
(a)-(d)

Fuel
(a)-(d)

UK200 01 900.6 1101.3 2001.9 2008.5 28.0 934.9 1068.0 2002.8 28.0 0.0 -0.3 3.8 -3.0
UK200 02 828.2 1056.9 1885.1 1893.7 24.0 866.4 1019.5 1886.0 24.0 0.0 -0.4 4.6 -3.5
UK200 03 875.3 1056.0 1931.3 1937.4 27.1 909.2 1013.3 1922.5 27.0 -0.5 -0.8 3.9 -4.0
UK200 04 832.4 991.8 1824.2 1837.3 26.1 864.6 954.3 1819.0 26.0 -0.3 -1.0 3.9 -3.8
UK200 05 912.5 1164.1 2076.7 2088.3 27.0 951.4 1128.4 2079.8 27.0 0.2 -0.4 4.3 -3.1
UK200 06 823.7 959.7 1783.4 1787.3 26.9 855.0 926.4 1781.5 27.0 -0.1 -0.3 3.8 -3.5
UK200 07 862.0 1042.5 1904.5 1911.7 27.0 895.5 1002.5 1898.0 27.0 -0.3 -0.7 3.9 -3.8
UK200 08 894.9 1116.7 2011.5 2017.1 27.0 930.8 1082.1 2012.9 27.0 0.1 -0.2 4.0 -3.1
UK200 09 799.1 954.7 1753.8 1758.8 25.1 830.4 918.3 1748.7 26.0 -0.3 -0.6 3.9 -3.8
UK200 10 928.3 1185.0 2113.4 2118.3 27.0 965.4 1132.6 2097.9 28.0 -0.7 -1.0 4.0 -4.4
UK200 11 837.2 985.4 1822.6 1829.3 27.0 869.0 947.9 1816.9 28.0 -0.3 -0.7 3.8 -3.8
UK200 12 883.6 1158.6 2042.2 2054.0 25.0 927.0 1119.2 2046.2 25.0 0.2 -0.4 4.9 -3.4
UK200 13 883.8 1153.4 2037.2 2044.2 25.0 926.9 1115.5 2042.5 25.0 0.3 -0.1 4.9 -3.3
UK200 14 865.7 1053.0 1918.6 1924.0 27.0 899.8 1015.1 1914.9 27.0 -0.2 -0.5 3.9 -3.6
UK200 15 872.7 1118.4 1991.1 1996.8 25.3 915.3 1088.6 2003.9 26.0 0.6 0.4 4.9 -2.7
UK200 16 877.8 1085.6 1963.4 1973.0 27.0 912.5 1049.1 1961.5 27.0 -0.1 -0.6 4.0 -3.4
UK200 17 912.5 1194.5 2107.1 2110.1 26.0 946.9 1137.3 2084.3 26.0 -1.1 -1.2 3.8 -4.8
UK200 18 867.0 1063.8 1930.8 1938.8 26.9 902.4 1024.9 1927.4 27.0 -0.2 -0.6 4.1 -3.7
UK200 19 792.1 950.8 1742.8 1745.3 25.0 823.0 914.1 1737.0 25.0 -0.3 -0.5 3.9 -3.9
UK200 20 902.2 1151.5 2053.6 2061.0 26.4 935.9 1097.1 2033.0 27.0 -1.0 -1.4 3.7 -4.7

AVERAGE 867.6 1077.2 1944.8 1951.7 26.3 903.1 1037.7 1940.8 26.5 -0.2 -0.6 4.1 -3.7

%Gaps for the solution:
(a) BKS (b) KSVC15 and (c) BRIG-LS

Additionally, the results in Table 5.2 to 5.5 show the efficiency of our approach, because it is
able to improve a few BKSs. Moreover, a positive average gap of 0.16% is obtained for the
instances of UK100 nodes. This means that our approach is 0.16% cheaper than the average
solution for the KSVC15 UK100 instances. This is the result of integrating the departure time
speed decisions within the routing and scheduling phase of the algorithm, and hybridising the
intelligent biased edge selection process with giving the opportunity to escape local optimum
within the IG-LS framework. Additionally, it can be observed that our approach provides
lower fuel costs, where this consumption is considered proportional to CO2 emissions. This
indicates that, our approach is able to significantly reduces a environmental cost component
in terms of sustainability.
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Figure 5.2 Multiple boxplots of gaps with respect to our approach and the literature.

To further investigate the behaviour of the proposed BRIG-LS approach, Fig 5.3 presents
the average cost proportions of the driver cost and fuel cost in the total cost for the tested
instances. It can be observed our proposed BRIG-LS approach tends to achieve a reasonable
balance between the fuel cost and the driver cost. It is important to note that, while fuel cost
is predominant in the total cost, the total cost strategy represents a compromise between
travel time and energy consumption to yield an optimal total cost. In other words, driver cost
is not trivial in total cost even as the problem size increases.
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Figure 5.3 Average driver cost and fuel cost proportions.

5.6 Conclusion

In this chapter, a biased randomised Iterated Greed local search algorithm to solve a realistic
version of the CVRP, which the main objective is to tackle the objectives of driver cost
minimisation and fuel cost minimisation is presented. This is an interesting and closer to
real-life applications. It is beneficial that, since companies are increasingly aiming to reduce
the impacts of their activities on the environment as well as the costs associated, this type
of problems are normally difficult to solve. To deal with this challenging problem, a hybrid
probabilistic solution generation technique with a greedy solution improvement approach
is proposed. This approach also integrates a procedure for setting vehicle departure times,
waiting times and speeds. The optimisation of these decisions offers obvious benefits for
environmentally friendly transportation activities. To validate our approach, computational
experiments have been carried out using benchmark instances with a number of customers
ranging from 10 to 200 customers. The results obtained so far indicate that it is possible to
solve this problem with real-life instances. In addition, the proposed methodology is able to
find several new best known solutions.

It is important to note the limitations of this study, which also point to the future research di-
rections. In this chapter, only a homogeneous vehicle were considered, the vehicle travelling
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times and customer demand were assumed to be fixed. In other words, no stochasticity of
demand or travel time was considered. Hence, there are several possible extensions for the
sustainable vehicle routing. Firstly, a mixed fleet of vehicles can be studied, especially con-
sidering alternative energy vehicles such as electric vehicles. Secondly, a sustainable vehicle
routing with stochastic customer demand and travelling times will also be an interesting area
for future research. Finally, traffic congestion can also be considered which will require the
consideration time-dependent speeds in the context of alternative fuel vehicles. Additionally,
social impacts of transport activities in terms of risk of accidents or balanced routes may be
considered. For that reason, it could be interesting to study the robustness of our approach
when additional problem dimensions are introduced. In the next chapter, a novel optimisation
model that considers the three sustainability dimensions; economic, environmental and social
is presented and the BRIG-LS algorithm is implemented to solve the problem.
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Chapter 6

Biased Randomised Iterated
Greedy-Local Search for the SCVRP-3D

6.1 Introduction

In the previous chapter, the SCVRP-2D where the two sustainability dimensions are re-
lated to economic and environmental impacts in the context of VRP was presented . For
this chapter,the Sustainable Capacitated Vehicle Routing Problem with three Dimensions
(SCVRP-3D) is developed and presented. The SCVRP-3D extends the SCVRP-2D to con-
sider three sustainability dimensions, which are sometimes referred to as the triple bottom
line impacts of logistics and transportation operation: The economic dimension relating to
vehicle operating costs; the environmental dimension relating to the impact of emissions; the
social dimension relating to accident risk.

In this chapter, an improved BRIG-LS to solve the SCVRP-3D is presented. Firstly, a fast
local improvement procedure is proposed. This new procedure is based on random swaps that
assess the solutions for neighbourhood improvements. Secondly, a new acceptance criterion
is applied. The importance of this acceptance criterion is that it avoids being trapped in a
local optimum. Nevertheless, this improved method refer to it as BRIG-LS for consistency.

The remainder of this chapter is structured as follows: Section 6.2 highlights the main
contributions to scientific knowledge and in Section 6.3 a description of the problem and
optimisation model is provided. Section 6.4 provides a detailed description of the proposed
methodology. Numerical experiments to test the performance of the algorithm and analysis
of results are described in Section 6.5. Lastly, Section 6.6 gives a summary of the chapter.
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6.1.1 Sustainability in VRP as a multi-dimensional problem

Certainly, urban cities are faced with exceptional difficulties as the pace of urbanisation
increases. Some of these challenges that have been of growing concern are difficulties such
as the depletion of natural resources, management of waste due to the increasing number
of citizens and an increase in traffic congestion which undoubtedly means an increase
in the levels of pollution. Within this context, logistics activities play a crucial role in
the promotion of sustainability in terms of its environmental and social responsibilities.
Consequently, companies are faced with the challenge of managing their logistics operation
while considering their economic, environmental and social goals.

As discussed in Chapters 1 and 2, according to the Brundtland report by the World Com-
mission on Environment and Development (WCED, 1987), the term sustainability involves
safeguarding of the environment, provision of social welfare as well as promoting economic
growth. Basically, sustainable development necessitates that "the needs of the present should
be met without compromising the ability of future generations to meet their own needs"
(WCED, 1987). The economic, environmental and social dimensions to sustainable develop-
ment have been described as the fundamental pillars to sustainability (Hansmann et al., 2012).
In the context of vehicle routing, these three dimensions can be viewed as the consideration
of profits, the planet and the inhabitants within a system. Nevertheless, approaches aiming
to balance these three pillars have received some criticism, due mainly to that fact that they
are evaluated differently since they are not directly commensurably related to each other.
Moreover, different stakeholders have their individual preferences which may sometimes be
conflicting (Hansmann et al., 2012).

Clearly, there are three distinct dimensions that need to be achieved for efficient logistics and
transport operations for sustainable urban development. In contrast, most of the available liter-
ature is focused on the economic and more recently, environmental impacts of transportation
activities (Sbihi and Eglese, 2007). Additionally, in the VRP literature, studies addressing
social impacts are rare (Tang and Zhou, 2012). Although social impacts are difficult to
measure, they are critical to growth and development. From a social point of view, Faulin
et al. (2011) tackled safety concerns from a workplace accident risk perspective. These risks
are associated with the loading and unloading of vehicles and they suggested that, avoiding
workplace related accidents will contribute to safety in the workplace. Thus, ensuring equity
among employees as well as providing them with a safer working environment will increase
job satisfaction (Sharafi and Bashiri, 2016). In the same line, Sawik et al. (2017) investigated
a distribution problem in a Spanish retailer and found that considering driving distance,
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driving altitude and driving times simultaneously minimises the effect of freight-related CO2

emissions and noise pollution.

Road safety is considered one of the most critical factors in road transport which is related
to infrastructure and driver fatigue (workloads). In this regard, Sharafi and Bashiri (2016)
established that driving lengthy hours may also lead to traffic related accidents due to
tiredness. Despite the growing concern about social impacts of road transport in relation to
sustainability issues, only a few studies pay attention to this and an even smaller number
focus on the impact of road accident risk. In order to close this gap, a weighted objective
optimisation model is prposed for the CVRP with multiple sustainability dimensions taking
into account the economic, environmental and social impacts of transportation activities
based on multi-criteria analysis.

6.2 Contribution

In the operational research literature, research into efficient solving methods have been
developed to solve challenging VRP variants with particularities akin to the real-world.
However, to the best of our knowledge, there is no research present in the literature that
tackles the VRP that addresses economic, environmental and social impacts of transportation
activities. Motivated by this, a model that captures the interaction between the activities that
affect the triple bottom line performance measure is proposed. This study contributes to the
body of knowledge thus:

a. A weighted multi-objective optimisation model that accounts for the people impact
of the triple bottom line indicators in L&T as well profit and the planet indicators.
The objectives considered are; minimisation of the transportation fixed and variable
costs, minimisation of costs associated with CO2 emissions and minimisation of costs
associated with the risk of accident which has been assumed to be a distance and
load related cost (Browne et al., 2012). A weighted optimisation objective function is
suggested so as to investigate the benefits and trade-offs obtainable by considering key
sustainability indicators and to better understand the impacts of these indicators.

b. Development and implementation of the BRIG-LS to solve the SCVRP-3D and conduct
sensitivity analysis to provide a set of solutions to the decision maker according to
their preference.
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c. Two sets of weight sensitivity analysis are proposed. The first set is based on an
iterative optimisation technique while the second set of analysis is based on the revised
weight sensitivity analysis in Jones (2011). For the purpose of this thesis, the second
set of weights are generated before the optimisation procedure, which is therefore
referred to as an a-priori process.

Note that, in this chapter, the Pareto frontier is not investigated. The weighting factors
considered in this chapter will be denoted as α1, α2, and α3 where α1 + α2 + α3 = 1 is a
convex combination of objectives.

To the best of our knowledge, this is the first research work that proposes the SCVRP-
3D to take into account vehicle distribution costs, CO2 emissions cost and accident risk
cost. In addition,a novel weighted multi-objective optimisation model and a fast BRIG-LS
metaheuristic are presented.

6.3 Problem description and optimisation model

This chapter deals with the problem of routing and scheduling of vehicles and considers
the economic, environmental as well as social costs. The problem under study is to find
schedules that are efficient with respect to the cost of CO2 emissions, vehicle operating costs
and accident risk cost. It is also assumed that traveling times between the vertices are known
and fixed.

To formally define the SCVRP-3D model, consider a complete and direct graph G = (N,A)

where N represents a set of nodes, including the depot and A = (i, j)i, j ∈ N, i ̸= j is a set of
edges connecting each pair of nodes and each node i ∈ N−{0} has a non-negative demand
qi, while the depot is assumed to have zero demand. An available fleet of M homogeneous
vehicles is denoted by M = (1,2, . . . ,m) with load capacity Q. Each route starts and ends at
the depot, and all customers’ demands must be satisfied. Each edge (i j) is characterised by a
symmetric traveling distance

(
di j
)

and a traveling time
(
ti j
)
. Typically, the objective of the

CVRP is to minimise the traveling distance/traveling time. However, the SCVRP-3D aims to
minimise the costs associated with the negative sustainability impacts associated with the
vehicle transportation activities.

Hence, the social dimension assumes that the amount of load carried by each vehicle and the
distance travelled by that vehicle represents a risk related to traffic accidents. For each route,
this risk is higher for vehicles that carry heavier loads and travel longer distances. In addition,
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each vehicle emits a certain amount of CO2, this poses an environmental effect which incurs a
certain cost on traversal of an arc. These impacts differ with respect to their estimations, some
of which are related to the traveling distance and time. Note however that, social impacts tend
to be a subjective measure because they are intangible issues. The SCVRP-3D is formulated
as an integer linear program with a weighted objective function and the parameters are
provided in Table 6.1. Note that for the problem described in this chapter, time windows
are not considered as this may increase the complexity of the problem. Moreover, the only
benchmark similar to this work with only 5 instance is due to Reyes-Rubiano (2017).

Table 6.1 Sets, parameters and variables.

Sets
N Set of all nodes
A Set of arcs connecting nodes
Nc Set of customers
M Set of vehicles
i Index of origin nodes
j Index of destination nodes
m Index of vehicles
s Index of sustainability dimension

Parameters
qi Demand of node i

di j Distance of the arc (i, j)

ti j Traveling time of the arc (i, j)

Q Vehicle capacity
Cd Driver costs
FC Vehicle fixed cost
kpl Fuel consumption rate
C f Fuel price
Ce Emission price
a Cost of the risk for a heavy vehicle
γ Conversion factor from traveling distance to amount of CO2 emissions
αs Weight of the indicator s

Variables
xi jm Binary variable: 1 if arc (i, j) is traversed by vehicle m, 0 otherwise
yi jm Integer variable: load on arc (i, j) when is traversed by vehicle m

f jm Continuous variable: remaining tank fuel of vehicle m when arrives at node j

zs Continuous variable: impact on the indicator s

U jm Auxiliary variable to eliminate sub-tours
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To present the mathematical model for the SCVRP-3D, the sustainability dimensions are
presented as z1,z2 and z3 which represent the economic, environmental and social dimensions
respectively. These dimensions are calculated by the following formulations:

z1 = ∑
j∈Nc

∑
m∈M

FC · x0 jm + ∑
(i, j)∈A

∑
m∈M

Cd · ti j · xi jm + ∑
(i, j)∈A

∑
m∈M

C f · f jm (6.1)

Equation 6.1 represents the economic dimension. z1 is an outcome variable that aggregates
three types of costs. First, a fixed cost (FC) which includes depreciation, repairing and
maintenance of vehicles. Second, a variable cost (cd) representing the driver costs, which
depends on the total traveling time of routes. Finally, the fuel consumption ( f jm) weighted
by the fuel cost (C f ).

f jm = ∑
i∈N

di j · kpl · xi jm ∀ j ∈ N,m ∈M (6.2)

The fuel consumption is estimated as suggested in Kuo (2010) and Zhang et al. (2015)
(Equation 6.2), where kpl represents the fuel consumption per unit of distance.

z2 = ∑
(i, j)∈A

∑
m∈M

Ce ·di j · γ (6.3)

Equation 6.3 computes z2, which refers to the environmental dimension. This relates to the
CO2 emissions generated per unit of distance travelled where γ is an activity based emission
factor (Maja Piecyk, 2010). This is typically measured as the CO2 emissions generated over
the distance travelled. These emissions are monetized by the emissions price (Ce). This
equation is a simplified version of that proposed by Kuo (2010) and Zhang et al. (2015).

z3 := ∑
(i, j)∈A

∑
m∈M

a ·di j · yi jm (6.4)

Finally, the social dimension (z3) is computed by Equation 6.4, which estimates the cost of
the accident risk associated with a heavy vehicle traversing the arc (i, j). This risk varies
according to the distance of the arc, the load of the vehicle m after visiting customer i (yi jm),
and a factor a.
The proposed weighted objective function (Equation 6.5) is defined as a holistic approach
combining multiple criteria based on the sustainability dimensions. This function aims to
minimise the cost associated to the negative impacts on each dimension zs (∀s ∈ {1,2,3}).

98



6.3 Problem description and optimisation model

αs (where 0 ≤ αs ≤ 1 and ∑
3
s=1 αs = 1) constitutes the weight or relative importance of the

indicator s.

Min α1 · z1 +α2 · z2 +α3 · z3 (6.5)

The constraints, which are based on Erdoğan and Miller-Hooks (2012), are described next.
Equations 6.6 and 6.7 ensure that each customer is visited exactly once. The flow conservation
is introduced by Equation 6.8. Equation 6.9 guarantees that the total demand serviced by
a vehicle does not exceed its capacity. Equation 6.10 imposes that each vehicle can leave
the depot at most once. Equation 6.11 guarantees that there will be enough remaining fuel
to return to the depot from any customer location. Equation 6.12 states that the load in the
vehicle arriving at customer j minus the demand of that customer equals to the load in the
vehicle after serving it. Equations 6.13 and 6.14 set lower and upper bounds for the load of
vehicle m when traversing the arc (i, j). Equation 6.15 avoids sub-tours, where U jm is an
auxiliary variable and |Nc| is the number of customers. Finally, Equations 6.16 to 6.19 define
variable domains.
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∑
j∈N

∑
m∈M

xi jm = 1 ∀ i ∈ Nc (6.6)

∑
i∈N

∑
m∈M

xi jm = 1 ∀ j ∈ Nc (6.7)

∑
j∈N

xi jm = ∑
j∈N

x jim ∀ i ∈ Nc, m ∈M (6.8)

yi jm ≤ Q ∀ (i, j) ∈ A,m ∈M (6.9)

∑
j∈Nc

x0 jm ≤ 1 ∀ m ∈M (6.10)

f jm ≥
di j

kpl
· xi jm ∀ i ∈ N, j ∈ Nc,m ∈M (6.11)

∑
i∈N

y jim = ∑
i∈N

yi jm−∑
i∈N

q j · x jim ∀ j ∈ Nc,m ∈M (6.12)

yi jm ≤ (Q−qi) · xi jm ∀ (i, j) ∈ A,m ∈M (6.13)

yi jm ≥ q j · xi jm ∀ (i, j) ∈ A,m ∈M (6.14)

Uim−U jm + |Nc| · xi jm ≤ |Nc|−1 ∀ i, j ∈ Nc,m ∈M (6.15)

xi jm ∈ {0,1} ∀ (i, j) ∈ A,m ∈M (6.16)

yi jm ≥ 0 ∀ (i, j) ∈ A,m ∈M (6.17)

fim ≥ 0 ∀ i ∈ N,m ∈M (6.18)

Uim ≥ 0 ∀ i ∈ Nc,m ∈M (6.19)

6.4 Biased Randomised Iterated Greedy-Local search for
the SCVRP-3D

As earlier mentioned, due to the efficiency of the BRIG-LS metaheuristic proposed and
implemented in Chapter 5, this chapter proposes to extend this heuristic with a new local
search procedure and a new acceptance criterion. The main components of this algorithm
consist of an initial solution, an iterative solution perturbation phase, and a local improvement
procedure. Each of the main stages of our BRIG-LS are explained in more detail below.
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6.4.1 Initial solution

To construct an initial feasible candidate solution, an extended biased-randomised version
of the CWS heuristic similar to the BR-CWS proposed in chapter 3 is implemented. In this
chapter, the savings considered are considered as ‘rich’ savings which comprise of costs
associated with sustainability dimensions; economic, environmental and social. This problem
is more complex due to the introduction of additional problem dimensions and the structure
of the optimisation function.

An iterative process to solve the SCVRP-3D is started and a solution is obtained after each
iteration. The solution with the minimum cost found is set as the initial solution. Each route
contained in a solution consists of economic, environmental and social costs and the total
distance travelled.

Algorithm 6.1 Local improvement procedure
1: procedure LOCALIMPROVEMENT(sol)

2: improvement← TRUE

3: nTrials← 0

4: while (improvement is TRUE or nTrials <nRoutes(sol)) do
5: r← getRandomRoute(sol)

6: n1← getRandomNode(r)

7: n2← getRandomNode(r)

8: while (n1 is equal n2) do
9: n2← getRandomNode(r)

10: end while
11: newRoute← swap(r,n1,n2)

12: if (cost(newRoute)< cost(r)) then
13: improvement← TRUE

14: solution← update(sol,newRoute,r)

15: end if
16: nTrials← nTrials+1

17: end while
18: return newSol

19: end procedure
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6.4.2 Local improvement

Algorithm 6.1 describes the improvement procedure of the local search used, which is based
on random swaps. A loop is started until two conditions are met: (i) the number of trials
is greater than the number of routes; and (ii) the last swap did not lead to an improvement.
For each iteration of the loop, a route (r), and two different nodes (n1,n2) of this route are
randomly selected. Then, a potential swap is assessed. The solution introduces this change if
the cost is improved.

6.4.3 Solution generation procedure

The main solution procedure starts with an initial solution baseSol generated as described in
Subsection 6.4.1. The core process provided in Algorithm 6.2 is described as follows:

1. Generate an initial solution baseSol by solving the SCVRP-3D using the BR-CWS
proposed in Chapter 3 (line2).

2. Improve baseSol (local search) and set improved baseSol as the best solution found
bestSol (lines 3 – 4).

3. Execute a BRIG-LS procedure to improve the baseSol to generate a newSol (lines 5-20).
This destruction procedure follows the IG-LS procedure described in Chapter 4 and the
construction step relies on the BR-CWS. Furthermore, a local search (Algorithm 6.1) is
applied to the newSol. Finally, an acceptance criterion (lines 15-18) is applied to assess
the quality of the solution. This acceptance criterion is based on a relative percentage
difference rpd measurement (Hatami et al., 2015). The rpd is measured between the
cost of the newSol and the bestSol. If rpd is negative (i.e., newSol is better), newSol

replaces baseSol. On the other hand, if the rpd is positive, the solution is accepted
with a probability e−rpd . This process is repeated iteratively until a stopping criterion
(MaxTime) is reached.

4. Finally, the best solution bestSol is returned.
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Algorithm 6.2 Main BRIG-LS solution procedure
1: procedure BRIG-LS(inputs,weights,maxTime,β , p)

▷ inputs: geographical coordinates, demands, Q, impact parameters

▷ maxTime: max computing time allowed

▷ β : parameter for biased randomisation

▷ p: parameter of the destruction stage

2: baseSol ← BR-CWS(inputs,β ) ▷ Based on ‘rich’ savings

3: baseSol←localSearch(baseSol)

4: bestSol← baseSol

5: while (stopping criterion is not met) do ▷ Search for promising solutions

6: newSol← destructionConstruction(baseSol, p, inputs,β )

7: newSol← localSearch(newSol)

8: rpd← (cost(newSol)− cost(baseSol))/cost(baseSol) ·100

9: if (rpd ≤ 0) then
10: baseSol← newSol

11: if (cost(newSol)< cost(bestSol)) then
12: bestSol← newSol

13: end if
14: else ▷ Avoid local optimal

15: u← generateU()

16: if (u < exp(−rpd)) then
17: baseSol← newSol

18: end if
19: end if
20: end while
21: return bestSol

22: end procedure

6.5 Computational experiments

In this section, an analysis of the performance of the weighted optimisation model. First,
a description of the experimental setting is given. Next, the performance of the BRIG-LS
algorithm is analysed in terms of solution quality against well-known benchmark instances
found in the VRP literature. Finally, experimental results and discussions of the results on
the sustainability dimensions and their trade-off behaviour is given.
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6.5.1 Data and experimental setting

The algorithm was coded in JAVA programming language, and all tests were run on a
computer with a Core i5, 2.30 GHz processor and 4 GB of RAM. The parameters in 6.2
present the algorithm parameters used for all the computational experiments and a run time
limit 100 seconds is set for all experiments. The number of seeds for the random number
generator is set to 5 seeds and the best results from each execution among them is selected.
The distribution of β was set after some quick experiments and the value of ρ which is
the percentage destruction parameter is set to 0.50%. Experiments conducted in order to
choose the value of ρ showed that choosing large values resulted in a deterioration of the
solution quality. The remainder of this section describes the problem instances, the validation
process,numerical results and two sets of weight sensitivity analyses. Table 6.3 gathers the
parameters needed to quantify the impacts, including units and references.

Table 6.2 Parameters of the BRIG-LS algorithm.

Parameter Value
maxTime 100 s
Number of seeds 5
β U(0.7,0.8)
p U(0,100)

Table 6.3 Parameters that quantify and monetise impacts.

Input Value Converted to Reference
kpl 5.2 l/100 km

Muñoz-Villamizar et al. (2017)
γ 17.65 kg of

CO2/km
DW 0.0022 £/s 19.36 e/h
FC 59.90 £/day 67.62 e/day

Koç et al. (2014)
C f 1.4 £/l 1.58 e/l
Ce 22 USD/ton of

CO2

0.019 e/kg of
CO2

World Bank (2015)

a [0.1-2] USD/ton-
mile

0.0005 e/kg-
km

Delucchi and McCub-
bin (2010)

As mentioned in section 6.3, the optimisation model proposed in this chapter does not take
into account customer time windows where as they have been considered in the previous
chapters.Also, the only benchmark similar to this work with only 5 instance is due to Reyes-
Rubiano (2017) therefore, a wider range of instances are proposed adapted CVRP instances
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from http://vrp.atd-lab.inf.puc-rio.br/index.php/en/ a VRP library reference site that contains
detailed information for a large number of benchmark instances. 43 classical CVRP instances
were selected from Augerat et al. (1995) based on the following criteria: (a) instances for
which the optimal solution is known; and (b) instances with coordinates generated randomly
within a square of side 100, in order to ensure feasible solutions when considering traveling
times.

(a) Set A. Scattered network configuration. (b) Set B. Clustered network configuration.

Figure 6.1 Different network configurations in sets A and B.

The number of nodes ranges from 31 to 80. Figure 6.1 illustrates two types of instances
belonging to sets A and B: customers in set A are spread out, and the depot may be in an
outlying spot or in an intermediate spot (6.1a); in set B, the customers are clustered and
the depot is among clusters or outside(6.1b). Clustered instances could be characterized as
a set of clusters that integrate a number of edges. In a cluster, the edges have a distance
measure similar to each other. Then, the solution for this kind of instances will be defined by
the insertion of nodes considering the vehicle payload. For solution design, the customers
demand could be the most important item because of its variability between customers.
In instances with scattered network configuration, the distance and demand provide more
flexibility in the search process of a solution.

The travelling times are simulated by generating speeds. As suggested by Zhang et al. (2015),
three speed levels are considered: high, moderate and low. While high speed can be viewed
as the transportation speed on a motorway, low speed may be related to urban transportation
speed, and moderate speed represents an intermediate case. A uniform probability distribution
is associated to each speed type with the following parameters: (90, 110), (50, 70) and (25,
20 45) (km/h), respectively. The speed of an arc is set as the mean speed of the vehicles
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assuming the following proportions of vehicles driving at a high, moderate, and low speed:
20%, 20%, and 60%, respectively. The Gap (%) for the experiments is computed as:

Gap = T c−T c∗
T c∗ ×100.

T c is the average solution obtained by our BRIG-LS and T c∗ is the value of the the value of
the BKS.

6.5.2 Performance evaluation of the BRIG-LS solution method

In order to validate the performance of our approach, 40 out of the 43 selected instances
were tested in a deterministic setting with a distance minimisation objective. The solutions
provided by the BRIG-LS are compared against the Best Known Solutions (BKSs) from
literature. Comparisons between the BKSs from the selected benchmark instances and
BRIG-LS are summarised in Table 6.4.
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Table 6.4 Comparisons between the BKS and BRIG-LS when minimising distance.

Instance
BKS
(Km)

BRIG-LS
(Km)

Run time
(Secs)

Gap
(%)

A-n32-k5 784.00 787.08 6.02 0.39
A-n33-k5 661.00 662.11 0.11 0.17
A-n33-k6 742.00 742.69 65.69 0.09
A-n34-k5 778.00 780.94 0.08 0.38
A-n36-k5 799.00 809.71 56.39 1.34
A-n37-k5 669.00 672.47 0.22 0.52
A-n37-k6 949.00 950.85 0.51 0.20
A-n38-k5 730.00 733.95 0.96 0.54
A-n39-k5 822.00 829.44 8.16 0.90
A-n39-k6 831.00 833.20 1.91 0.27
A-n44-k6 937.00 938.84 0.40 0.20
A-n45-k6 944.00 957.88 6.55 1.47
A-n45-k7 1146.00 1146.91 15.30 0.08
A-n46-k7 914.00 917.72 35.73 0.41
A-n48-k7 1073.00 1074.34 1.26 0.12
A-n53-k7 1010.00 1020.76 76.45 1.07
A-n54-k7 1167.00 1171.68 15.80 0.40
A-n55-k9 1073.00 1081.71 1.68 0.81
A-n60-k9 1354.00 1360.59 31.67 0.49
A-n61-k9 1034.00 1070.49 4.74 3.53
A-n62-k8 1288.00 1319.59 90.29 2.45
A-n63-k9 1616.00 1622.14 199.99 0.38

A-n63-k10 1314.00 1343.77 76.60 2.27
A-n65-k9 1174.00 1193.45 3.74 1.66
A-n69-k9 1159.00 1179.76 86.61 1.79
B-n31-k5 672.00 676.09 2.36 0.61
B-n34-k5 788.00 789.84 5.06 0.23
B-n38-k6 805.00 807.88 38.35 0.36
B-n41-k6 829.00 833.66 26.54 0.56
B-n43-k6 742.00 746.98 0.10 0.67
B-n44-k7 909.00 922.19 21.71 1.45
B-n45-k5 751.00 754.85 0.43 0.51
B-n50-k7 741.00 744.23 0.25 0.44
B-n50-k8 1312.00 1325.47 99.59 1.03
B-n57-k9 1598.00 1609.26 98.65 0.70

B-n63-k10 1496.00 1507.59 95.06 0.77
B-n64-k9 861.00 888.41 6.04 3.18
B-n66-k9 1316.00 1330.10 98.79 1.07

B-n67-k10 1032.00 1053.20 85.40 2.05
B-n68-k9 1272.00 1298.70 93.52 2.10

Average 36.47 0.94 107
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This comparison is conducted to evaluate the performance of the BRG-LS approach on
classical CVRP instances with symmetric distances and to investigate the efficiency of the
our metaheuristic against the BKSs in the literature.

Regarding the solutions obtained by BRIG-LS, 26 out of 40 instances offer a gap lower than
1%. This means that, some of our solutions are approximately 1% more expensive than
the BKS. On average, BRIG-LS achieves a gap of 0.94% when compared to the BKS. On
average, our methodology obtains the best solution in 36.47 seconds.

6.5.3 Weight sensitivity analysis

Sensitivity analysis is important to understand the model behaviour and the trade-off that
can be obtained from the different conflicting decisions (Chen et al., 2010). Hence, weight
sensitivity analysis allows the exploration of weight options within the weight space interest
of the decision maker (Jones, 2011).

In this section, two weight sensitivity analysis are conducted to investigate the behaviour of
the optimisation model depending on the weights of the objective dimension and show the
impact of changing dimension weights. This also highlights the dimension that is particularly
sensitive to weight changes

6.5.3.1 Comparative analysis of individual dimension importance

As observed from the literature review, the most common objective is minimising the vehicle
operating cost, which is also defined as the traditional objective. This cost pertains to the
economic impact of a solution. In Table 6.5, the performance of the solutions found when
only one objective dimension is the only considered dimension are presented. This means,
assigning 100% importance to the economic objective, environmental objective or the social
objective at one time. The first column shows the instance name and the following columns
report the total cost of the three solutions. In addition, the gaps are included. According
to these results, the average total cost when considering only the economic dimension is
1.1% cheaper than when minimising only the environmental dimension and 12.7% cheaper
than solution minimising only the social dimension. This gap of 1.1% may suggest that the
best solutions for the economic and environmental dimensions tend to be relatively similar
because the economic impacts are estimated relying on the travelling distances and times,
while the environmental impacts are also distance related.

108



6.5 Computational experiments

Table 6.5 Comparative analysis of single objective importance.

Instance
Economic

(a)
Environmental

(b)
Social

(c)
%Gap
(a)-(b)

%Gap
(a)-(c)

%Gap
(b)-(c)

A-n32-k5 522.9 523.4 550.9 -0.1 -5.1 -5.0
A-n33-k5 494.2 493.5 500.8 0.1 -1.3 -1.5
A-n33-k6 577.9 578.9 737.1 -0.2 -21.6 -21.5
A-n34-k5 519.5 520 603.3 -0.1 -13.9 -13.8
A-n36-k5 525.8 526.5 542.7 -0.1 -3.1 -3.0
A-n37-k5 496.1 499 510.4 -0.6 -2.8 -2.2
A-n37-k6 625.8 694.2 791.6 -9.9 -20.9 -12.3
A-n38-k5 513.7 579.1 596 -11.3 -13.8 -2.8
A-n39-k5 530.7 532 632.9 -0.2 -16.1 -15.9
A-n39-k6 601 601.2 853.7 0.0 -29.6 -29.6
A-n44-k6 624.6 625.2 716.7 -0.1 -12.9 -12.8
A-n45-k6 628.8 695.6 736.8 -9.6 -14.7 -5.6
A-n45-k7 739.7 742.8 845.9 -0.4 -12.6 -12.2
A-n46-k7 687 688.6 713.3 -0.2 -3.7 -3.5
A-n48-k7 724.7 726.9 851.2 -0.3 -14.9 -14.6
A-n53-k7 713.1 780.5 828.8 -8.6 -14.0 -5.8
A-n54-k7 748.9 748.5 856 0.1 -12.5 -12.6
A-n55-k9 859.8 858.9 1017.8 0.1 -15.5 -15.6
A-n60-k9 926.9 940.2 1036.6 -1.4 -10.6 -9.3
A-n61-k9 931.9 987.7 1169.5 -5.6 -20.3 -15.5
A-n62-k8 857.6 856.2 964.8 0.2 -11.1 -11.3
A-n63-k10 1012.1 1060.7 1109.9 -4.6 -8.8 -4.4
A-n63-k9 985.8 1053.4 1175.8 -6.4 -16.2 -10.4
A-n64-k9 941 951.2 1078 -1.1 -12.7 -11.8
A-n65-k9 885.6 955.2 990.1 -7.3 -10.6 -3.5
A-n69-k9 885 885.5 983.8 -0.1 -10.0 -10.0
A-n80-k10 1121.1 1119.6 1240.8 0.1 -9.6 -9.8
B-n31-k5 492.2 493.9 510.5 -0.3 -3.6 -3.3
B-n34-k5 518.7 524.1 601.4 -1.0 -13.8 -12.9
B-n38-k6 595.4 594.5 619 0.2 -3.8 -4.0
B-n41-k6 598.1 669.8 686.3 -10.7 -12.9 -2.4
B-n43-k6 582.6 581 604.6 0.3 -3.6 -3.9
B-n44-k7 690.1 686.6 850.8 0.5 -18.9 -19.3
B-n45-k5 516.9 582.2 611.7 -11.2 -15.5 -4.8
B-n45-k6 566 640.3 652.8 -11.6 -13.3 -1.9
B-n50-k7 645.4 646 814.7 -0.1 -20.8 -20.7
B-n50-k8 848.8 852.1 970.3 -0.4 -12.5 -12.2
B-n57-k9 988.4 999.3 1035.9 -1.1 -4.6 -3.5

B-n63-k10 1038.1 1040.2 1135.9 -0.2 -8.6 -8.4
B-n64-k9 813.7 883.2 965.3 -7.9 -15.7 -8.5
B-n66-k9 922.2 992.8 1002.5 -7.1 -8.0 -1.0

B-n67-k10 926.2 918.8 1014.6 0.8 -8.7 -9.4
B-n68-k9 909.6 914.5 1041 -0.5 -12.6 -12.2

Average 728.7 749.9 831.5 -2.7 -12.0 -9.4
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Also notice that, in some instances, when minimising only the social dimension, the total cost
can be as high as 29.6% more expensive than the solution minimising only the environmental
or economic dimension. This behaviour may be due to the order in which the customers are
visited and the load of the vehicle which has substantial impact on road accident risk. Thus,
this leads to finding solutions that minimise the accident risk cost, and by so doing, solving
the problem in a weighted load minimisation way.

Regarding sustainability issues, minimising only one objective may not offer the desired
balance between the sustainability indicators because this will lead to a lack of consideration
of the other objectives that may cover other sustainability impacts. If the traditional economic
cost minimisation objective is sought, this can in some instances be more expensive than
the solution with minimum environmental impact. For instance, in instance B-n67-k10, the
economic solution is 0.8% more expensive that environmental solution.

6.5.3.2 Iterative optimised weight sensitivity analysis

To investigate the behaviour of the solution when a combination of different weights are
assigned to the objective function dimensions. These weights are determined following an
iterative process, where a different combination of weight is assessed in each experiment. A
great part of multi-objective optimisation approaches set a random initial weight combination
(Kadziński et al., 2017). In contrast, configurations described in Equations 6.20 and 6.21 are
implemented. In each iteration, the weights (α1,α2,α3) may take different values, while the
parameters θ and δ take random values in the range [0,1]. The CPU time for the experiment
are limited to 100 seconds for each weight combination.

α1 := 50+10 ·θ ; α2 := 20+10 ·θ ; α3 := 30−20 ·θ (6.20)

α1 := 40+20 ·δ ; α2 := 10+20 ·δ ; α3 := 50−40 ·δ (6.21)

Table 6.6 provides the selected scenarios generated using Equations 6.20 and 6.21.
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Table 6.6 Table of Scenarios with weight combinations.

Scenario Weights (%)

α1 α2 α3

S1 52.0 30.0 18.0

S2 53.4 23.2 23.2

S3 55.8 25.8 18.4

S4 47.2 19.2 33.5

S5 40.3 30.3 29.3

S6 22.9 34.9 42.2

S7 49.0 21.0 30.0

The values of economic (z1) objective, environmental objective (z2) , and social objective
(z3) are the averages of all the tested instances. According to Table 6.6, most scenarios
assign the most importance to z1 than the other objectives. However, this does not mean
that further experiments may not yield scenarios assigning greater importance to z2 or z3 as
is presented in Table 6.6. Nonetheless, for the sake of this thesis, the generated scenarios
are tested and findings based on these scenarios are discussed. Table 6.7 summarises the
solutions performance under different scenarios. The first four columns represent the different
scenarios and weights according to Table 6.6. Here, α1 refers to the weight assigned to the
economic objective, α2 is the environmental objective weight and α3 is the weight for the
social objective. Each row shows the scenario, its combination of weights assigned to the
objectives as modelled in the objective function and the cost obtained for each objective with
the assigned weight. Recall that these costs are presented as z1, z2, z3 and z∗ for economic,
environmental, social and the total cost of the objectives respectively.
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Figure 6.2 Average total cost for different scenarios.

Figure 6.2 shows the solution behaviour with respect to the weight sensitivity analysis.
The y-axis range has been deliberately set in order to highlight the difference between the
scenarios. The best economic solution is reached when the economic solution is assigned
40% importance while there is a trade-off between the environmental solution and the social
solution. However, notice that the best environmental solution is achieved when the economic
solution is assigned an importance weight of 52% while maintain similar weight assignment
for the environmental objective and decreasing the importance of the social objective. This
behaviour may be attributed to the idea that since the economic objective impacts both
on travelling distance and travelling time, higher weights will amplify the effect on the
environmental objective since it is also measured in the travelling distance. In contrast, the
best solution obtained for the social objective is when it is assigned the highest importance.
This behaviour is observed in S6, due to the impact of the load factor considered in the
social objective. Also notice, if the social objective is considered as the most important, this
increases the impact on the economic objective and leads to the most expensive solution.
Hence, based on the above scenarios, it can be concluded that lowest total cost is achieved in
S2 where the weights are set to: α1 = 53.4%, α2= 23.2%, and α3=23.2%. Certainly, the total
cost increases when α1 is higher or lower than 53.4%.

Using the above least total cost weight combination, the behaviour of the (sustainable)
solution and compare it with the initial reference weights where each of the objective is
assigned 100% importance can be observed. The results report the total costs obtained
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Table 6.7 Performance under different scenarios.

Weights (%) cost(£)
Scenario α1 α2 α3 z1 z2 z3 z∗

S1 52.0 30.0 18.0 687.32 15.29 22.72 725.33
S2 53.4 23.2 23.2 687.18 15.30 22.69 725.16
S3 55.8 25.8 18.4 687.66 15.33 23.03 726.02
S4 47.2 19.2 33.5 687.67 15.33 22.49 725.49
S5 40.3 30.3 29.3 687.13 15.28 22.94 725.35
S6 22.9 34.9 42.2 689.85 15.47 22.32 727.64
S7 49.0 21.0 30.0 687.84 15.33 22.56 725.73

and the percentage of increase or decrease for this sustainable solution when minimising
only one objective. These percentages are computed as a percentage %gap between the
best solutions obtained for each objective. The seventh row shows the percentage gap in
cost terms when the economic impact is assigned 100% and when the reference sustainable
solution by assigned the weight combination in S2. Similarly, the eight row shows the
percentage total cost gap between the solution obtained when objective function that is only
focused on the environmental impact and the sustainable solution. Lastly, presented in row
nine is percentage total cost gap between the solution obtained when objective function that
is only focused on the social impact. It can be seen that when the objective considers only
the social impact, the total cost shows an increase of 14.6%. The same procedure is followed
by the other comparisons which show an increase when some weight is not assigned to all
the objectives. Fig.6.3 presents a boxplot of the average percentage gaps when considering
only a single dimension as most important individually w.r.t the cheapest solution obtained
when assigning some weight to each objective. Generally speaking, an average gap of around
0.4%, 3.4%, and 14.6% of the total cost concerns to environmental, economic and social
dimension more expensive than the “sustainable solution”.
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Figure 6.3 Boxplot of average gaps (%) for all tested instances.

This lends to the assumption that, considering the three sustainability impacts in logistics
and transportation problem will yield some cost savings for the decision maker without
concerned with the economic, environmental or social impact if the decision maker is
more profit-chasing, an environmentalist or socio-cultural interest as the case may be. An
interesting finding is that the social dimension conflicts most sharply with total cost and hence,
other two dimensions and the weight combination in S2 may serve as a standard reference
for the sustainability concerned decision maker. However, the decision maker who is more
profit chasing may use the weight combination in S5 as a reference weight combination. For
an environmentalist, S1 combination will be preferable although, it trade-offs profitability
and safety for environmental benefits. Lastly, for an accident risk averse decision maker, S6
may be the preferred weight combination as it offers the cheapest accident risk cost while
being more expensive in terms of economic and environmental costs.
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Table 6.8 Comparative analysis of single dimensions with sustainable solutions.

Instance
Sustainable

(d)
Economic

(a)
Environmental

(b)
Social

(c)
%Gap
(a)-(b)

%Gap
(a)-(c)

%Gap
(b)-(c)

A-n32-k5 518.5 522.9 523.4 550.9 -0.8 -0.9 -6.2
A-n33-k5 491.5 494.2 493.5 500.8 -0.5 -0.4 -1.9
A-n33-k6 576.6 577.9 578.9 737.1 -0.2 -0.4 -27.8
A-n34-k5 518.4 519.5 520.0 603.3 -0.2 -0.3 -16.4
A-n36-k5 526.7 525.8 526.5 542.7 0.2 0.0 -3.0
A-n37-k5 493.0 496.1 499.0 510.4 -0.6 -1.2 -3.5
A-n37-k6 623.9 625.8 694.2 791.6 -0.3 -11.3 -26.9
A-n38-k5 508.9 513.7 579.1 596.0 -1.0 -13.8 -17.1
A-n39-k5 529.0 530.7 532.0 632.9 -0.3 -0.6 -19.6
A-n39-k6 596.4 601.0 601.2 853.7 -0.8 -0.8 -43.1
A-n44-k6 623.1 624.6 625.2 716.7 -0.2 -0.3 -15.0
A-n45-k6 636.8 628.8 695.6 736.8 1.2 -9.2 -15.7
A-n45-k7 737.7 739.7 742.8 845.9 -0.3 -0.7 -14.7
A-n46-k7 684.6 687.0 688.6 713.3 -0.3 -0.6 -4.2
A-n48-k7 720.9 724.7 726.9 851.2 -0.5 -0.8 -18.1
A-n53-k7 709.6 713.1 780.5 828.8 -0.5 -10.0 -16.8
A-n54-k7 745.9 748.9 748.5 856.0 -0.4 -0.4 -14.8
A-n55-k9 858.8 859.8 858.9 1017.8 -0.1 0.0 -18.5
A-n60-k9 924.2 926.9 940.2 1036.6 -0.3 -1.7 -12.2
A-n61-k9 906.2 931.9 987.7 1169.5 -2.8 -9.0 -29.1
A-n62-k8 846.5 857.6 856.2 964.8 -1.3 -1.1 -14.0

A-n63-k10 984.8 1012.1 1060.7 1109.9 -2.8 -7.7 -12.7
A-n63-k9 990.4 985.8 1053.4 1175.8 0.5 -6.4 -18.7
A-n64-k9 949.6 941.0 951.2 1078.0 0.9 -0.2 -13.5
A-n65-k9 908.6 885.6 955.2 990.1 2.5 -5.1 -9.0
A-n69-k9 880.5 885.0 885.5 983.8 -0.5 -0.6 -11.7

A-n80-k10 1098.3 1121.1 1119.6 1240.8 -2.1 -1.9 -13.0
B-n31-k5 492.1 492.2 493.9 510.5 0.0 -0.4 -3.7
B-n34-k5 518.4 518.7 524.1 601.4 0.0 -1.1 -16.0
B-n38-k6 593.1 595.4 594.5 619.0 -0.4 -0.2 -4.4
B-n41-k6 601.1 598.1 669.8 686.3 0.5 -11.4 -14.2
B-n43-k6 578.1 582.6 581.0 604.6 -0.8 -0.5 -4.6
B-n44-k7 687.2 690.1 686.6 850.8 -0.4 0.1 -23.8
B-n45-k5 512.1 516.9 582.2 611.7 -0.9 -13.7 -19.4
B-n45-k6 565.3 566.0 640.3 652.8 -0.1 -13.3 -15.5
B-n50-k7 644.0 645.4 646.0 814.7 -0.2 -0.3 -26.5
B-n50-k8 851.5 848.8 852.1 970.3 0.3 -0.1 -14.0
B-n57-k9 983.4 988.4 999.3 1035.9 -0.5 -1.6 -5.3

B-n63-k10 1035.4 1038.1 1040.2 1135.9 -0.3 -0.5 -9.7
B-n64-k9 811.8 813.7 883.2 965.3 -0.2 -8.8 -18.9
B-n66-k9 917.1 922.2 992.8 1002.5 -0.6 -8.3 -9.3

B-n67-k10 918.0 926.2 918.8 1014.6 -0.9 -0.1 -10.5
B-n68-k9 908.7 909.6 914.5 1041.0 -0.1 -0.6 -14.6

Average 725.7 728.7 749.9 831.5 -0.4 -3.4 -14.6-9.4
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Figure 6.4 Average cost proportions of three scenarios.

In Fig.6.4, the average cost proportion with respect to total cost for each dimension is
presented. This also describes the trade-off between the different objectives based on the
previously described cases. In order to show clearly the difference between the scenarios, the
y-axis scale are deliberately set. For the sustainable solution, the total cost proportion of the
economic, environmental and social objectives are 94.83%, 2.10% and 3.07% respectively.
However, when considering only the economic objective, the total cost proportion of the
objectives are 94.77%, 2.03%, and 3.20% for economic, environmental and social impacts.
Notice that, considering only the economic objective is less expensive in terms of the
economic impact, however, the environmental and social impacts tend to be more expensive
in comparison to when a sustainable objective is perused. In a similar manner, when the
environmental or social objectives are assigned 100% importance, a trade-off can be observed
between the three impacts.

6.5.3.3 Practical weight sensitivity analysis

Although the weighted approach is normally applied for many multi-objective COPs, it is still
unobvious how the weights should be established. Nevertheless, some authors have proposed
to use different weight selection methods such as in Jones (2011). Thus, a Revised Weight
Sensitivity algorithm introduced by Jones (2011), is performed to examine a part of weight
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space that is important to the decision maker in a multi-criteria optimisation problems. This
work is based on the work of Jones and Tamiz (2010) that allows to explore the whole weight
space, but even so, many decisions have a priority for some data beside their initial weighting
estimate. Such important information avoids the process of exploring the whole weight space
by reducing the area which is required to be searched. A sensitivity analysis is done for the
weight parameter on the different dimensions in the optimisation model. As highlighted
earlier, this is one of the main contributions of our proposed weighted optimisation model. In
order to perform the sensitivity analysis, the practical weight sensitivity analysis from Jones
(2011) will be implemented for the different combinations of weights. As state previously,
the weight factors in the proposed model are; α1, α2 and α3 where 0 ≤ α1, α2, α3 ≤ 1.
These weights are factors of the economic, environmental and social objective functions,
respectively. The weighted sum α1 + α2 + α3 = 1 is a convex combination of objectives.
These weighting parameters are used to indicate the importance of each of the three objectives.
The optimisation approach of weighted objectives is also referred to as the “a-posteriori”
optimisation, since the weights are calculated before the optimisation process. This process
is presented in Algorithm 6.3 and is detailed below:

– Initial estimate of weights

1. Theoretically, the initial assignment of weights is given by the decision maker as
the starting point of the algorithm. Specifically, this is the case where the decision
maker is confident to give a set of preference weights.

2. Use the equal weighting technique, assign equal weights to the objectives with
the preference weights of all the unfavourable deviations set equal to one. This
defines a valid starting point for the algorithm in the absence of any preference
information.

3. Alternatively, the solution found by using a pairwise comparison method (Saaty,
1981) supplies the pairwise information regarding the importance of each objec-
tive after the decision maker has provided the pairwise information.

Furthermore, additional preference information can be used to restrict the weight space
exploration:

– Absolute information about the relative importance of a single weight.

– Absolute information about a set of weights.
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– Pair wise ordinal information regarding weights.

– Pair wise cardinal information regarding weights.

These methods of weight space restriction can also be used in combination with each other.
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Algorithm 6.3 Practical weight sensitivity analysis
1: procedure PRACTICALWEIGHTSENSITIVITY(w)

▷ w: Initial set of weights

2: Select initial starting point

3: Let S← /0

4: Let w← Initial set of weights

5: Add [solve W-OPT(w)] to S

6: for n = 1 to Tmax do
7: for each subset T ∗ of deviations of cardinality n do
8: Form new vector w∗ by:

9: Calcmax(T ∗,maxweightvector)

10: Set w← maxweightvector

11: if [solve W-OPT(w)] ̸∈ S then
12: Add [solve W-OPT(w)] to S

13: Let w← wlow,w∗← wup

14: Examine_Weight_Line(wlow,wup, 1)

15: if [solve W-OPT(wlow)] = [solve W-OPT(wup)] then
16: EXIT

17: end if
18: if level >MaxLevel then
19: EXIT

20: end if
21: Form new weight vector wmid by:

22: set the weight of each deviation to wlow+wup
2

23: if x∗ of [solve W-OPT(wmid)] ̸∈ S then
24: Add [solveWGP (wmid)] to S

25: end if
26: Examine_Weight_Line(wlow,wmid , level +1)

27: Examine_Weight_Line(wmid ,wup, level +1)

28: end if
29: end for
30: end for

31: end procedure

In the Algorithm 6.3, starting with an initial set of equal weights, a set of solution containing
the set of weight combination is set as an empty set. Using the initial set of weights, the
sub-procedure [SolveWGP(w)] solves the dependent weighted goal programme by assigning
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w to the unwanted deviations in the achievement function. The parameter Tmax is used to
control the number of varied weights simultaneously, the level of Tmax has a direct impact
on the number of interactions within the weight space. MaxLevel is a parameter to control
the maximum number of bi-sections of the line of direction between the maximum level
and initial estimate. In addition, (Calcmax,T ∗,max_weight_vector) is a sub-routine used to
compute the maximal level of weight that can be divided among the deviations in T ∗ in
proportion with the importance weight given in the initial solution whilst staying within the
bounds specified by the additional preference information supplied by the user. The remaining
weight is then shared among the remaining weights whilst coming as close as possible to
maintaining the ratios of importance given in the initial solution. In some cases this can
be calculated very simply from the preference information given while in other situations
a combination of two priority level lexicographic goal programme with the weight values
as the decision variables and the preference information as constraints must be constructed
from the preference information and solved to find max_weight_vector.

Figure 6.5 3D weight space.

Applying the revised weight sensitivity algorithm in this chapter, a set of twelve different
scenarios with the weight combination (α1,α2,α3) are generated to evaluate the performance
of the proposed model, these weights represent the relative importance of each objective in the
weighted objective Equation 6.5. The selection of the twelve weights is based on a practical
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weight sensitivity algorithm, which was described above. By setting Tmax = 2, MaxLevel =
1 and a sequential weight starting solution is set to be one. The three-dimensional weight
space generated by heuristic is in Fig.6.5.

Table 6.9 shows the chosen set of weights following the generated weights in Fig.6.5. In
this table, the set of weights combination defined as scenarios (S) are represented as si,
i = 1,2, ...,12. The weights (1, 0, 0), (0, 1, 0) and (0, 0, 1), are assigned in order to obtain
the lower bounds for each individual objective.

Table 6.9 Table of scenarios for sensitivity analysis (SCVRP-3D)

Scenario Weights

α1 α2 α3

S1 1.00 0.00 0.00

S2 0.00 1.00 0.00

S3 0.00 0.00 1.00

S4 0.33 0.33 0.33

S5 0.50 0.25 0.25

S6 0.25 0.50 0.25

S7 0.375 0.375 0.25

S8 0.25 0.375 0.375

S9 0.375 0.275 0.375

S10 0.42 0.29 0.29

S11 0.29 0.42 0.29

S12 0.29 0.29 0.42

Tables 6.10 and 6.11 show the summary of the performance of the weighted optimisation
model under different weight combinations. The first four columns represent the different
scenarios with weight combinations according to table 6.9. Here, α1 refers to the weight
assigned to the economic dimension, α2 is the environmental dimension weight and α3 is the
weight for the social dimension.

In order to analyse the dimension influence, the percentage change corresponding to objective
function when considering the solution obtained by minimising the remaining dimensions
is evaluated. For this analysis, different weight combinations are applied and experiments
were conducted with two selected instances (A-n63-k10and B-n63-k10). The reason for the
choice of these test instances are: (i) the node size and number of available vehicles is the
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same; (ii) the outlay of nodes differs in both instance which can influence the behaviour
of the solution. For each table of results provided, the results presented are the average of
10 runs and the best solutions are highlighted in bold. As show in tables 6.10 and 6.11,
minimising the objective function to obtain lower bounds for each of the dimensions when
100% importance does not provide the cheapest solution as can be seen in scenarios S1, S2
and S3. Instead, this provides more expensive solutions. In fact, for instance A-n63-k10 with
scattered node outlay, minimising the economic dimension (S1) gets total cost up to 0.04%
more expensive than the solution provided by S5 when α1 = 50%, α2 = 25% and α3 = 25%
importance weight is assigned to the economic dimension. A similar behaviour is observed
for solutions obtained when only the environmental dimension (S2) or the social dimension
(S3) are given a 100% importance weight. Notice that the best weight combination in S10
achieves the cheapest solution in terms of overall cost, economic cost and environmental
cost. This is when α1 = 42%, α2 = 29% and α3 = 29%, a total cost saving of 0.24% can be
achieved in S10 in comparison to S5. The solutions behaviour can also be seen in Fig.6.6.

On the other hand, when the nodes are clustered in B-n63-k10, the weight assigned to the
dimensions influences the overall cost. In this type of node configuration, the vehicle payload
will have a strong impact on the assignment of nodes to routes. Despite this influence, the
most expensive solution is provided in S3 when the social dimension is the only important
dimension although it is load related. On the other hand, when all the dimensions are given
equal importance with α1 = 33%, α2 = 33% and α3 = 33%, this scenario achieves a cost
saving of 9.396% cost savings. This indicates that balancing between distance, travelling
time and load minimisation may lead to an overall cost saving especially when nodes are
clustered together.

6.6 Conclusion

In this chapter, some estimates from the literature to quantify and monetise the economic,
environmental, and social impacts of routing activities are adopted. While the economic
impact is based on traveling distances and times, the environmental and the social impacts
rely on carbon emissions based on travelling distance and risk of accidents based on distance
and vehicle load, respectively. A comprehensive set of experiments are carried out to
compute and compare their magnitudes when the aim is to minimise the total cost, and two
sensitivity analyses to compare the effect of setting different weights for the three impacts.
The combination of weight values represent the preferences of a decision-maker. For solving
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Table 6.10 A-n63-k10 sensitivity analysis results.

Weights (%) cost(£)
Scenario α1 α2 α3 z1 z2 z3 z∗

S1 1.00 0.00 0.00 934.14 19.53 32.11 985.78
S2 0.00 1.00 0.00 1003.17 19.50 30.78 1053.45
S3 0.00 0.00 1.00 1126.83 23.57 25.42 1175.83
S4 0.33 0.33 0.33 947.20 20.30 32.95 1000.44
S5 0.50 0.25 0.25 935.98 19.68 29.70 985.36
S6 0.25 0.50 0.25 936.52 19.69 31.07 987.28
S7 0.38 0.38 0.25 936.30 19.66 31.04 987.00
S8 0.25 0.38 0.38 935.43 19.67 31.38 986.48
S9 0.38 0.25 0.38 967.73 21.87 33.30 1022.90

S10 0.42 0.29 0.29 934.11 19.45 29.41 982.97
S11 0.29 0.42 0.29 937.70 19.70 30.26 987.66
S12 0.29 0.29 0.42 938.71 19.70 29.59 988.00

Table 6.11 B-n63-k10 sensitivity analysis results.

Weights (%) cost(£)
Scenario α1 α2 α3 z1 z2 z3 z∗

s 1 1.00 0.00 0.00 979.57 22.99 35.56 1038.12
s 2 0.00 1.00 0.00 979.95 22.35 37.88 1040.18
s 3 0.00 0.00 1.00 1079.38 25.03 31.45 1135.86
s 4 0.33 0.33 0.33 971.70 22.24 35.19 1029.13
s 5 0.50 0.25 0.25 981.09 22.87 37.15 1041.10
s 6 0.25 0.50 0.25 974.02 22.28 35.85 1032.15
s 7 0.38 0.38 0.25 979.61 22.82 33.18 1035.60
s 8 0.25 0.38 0.38 980.70 22.82 37.71 1041.23
s 9 0.38 0.25 0.38 979.70 22.80 32.60 1035.10

s 10 0.42 0.29 0.29 997.61 24.06 42.52 1064.19
s 11 0.29 0.42 0.29 977.77 22.53 33.40 1033.69
s 12 0.29 0.29 0.42 980.32 22.94 33.84 1037.10
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(a) A-n63-k10 scenarios total costs.

(b) B-n63-k10 scenarios total costs.

Figure 6.6 Different network configurations in A-n63-k10 and B-n63-k10 total costs be-
haviour.

this rich vehicle routing problem, a hybrid approach based on the integration of biased-
randomized strategies within an iterated greedy metaheuristic is developed and implemented.
These strategies help the metaheuristic to perform a diversification and intensification of
the search space focusing on promising areas. Our approach is able to obtain high-quality
solutions in reasonably short computing times. This will facilitate the decision making
process when considering the different impacts.

In particular, two sets of weights sensitivity analyses are implemented. The first set of
sensitivity analysis follows an iterative weight assignment. Experimental results show the
weights influence on each dimension. This also offers decision makers the flexibility to rank
objectives according to importance and obtain a set of solutions that reflect their preference.
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The second set of weights sensitivity analysis is based on experiments on the Revised Weight
Sensitivity algorithm introduced by Jones (2011). Computational experiments were focused
on the influence of nodes configuration on the performance of the chosen weight combination,
and found that the dimension indicators when assigned a balanced weight strategy respond
positively. Additionally, it was found that irrespective of the network configuration (scattered
or clustered), the social objective conflicts sharply with the economic and environmental
objectives, however, the tested scenarios show sensitivity to the type of network. This proves
values of multi-objective approach because it shows a trade-off between objectives. Several
lines of future work are identified from this work.

Firstly, in this chapter, it is assumed that speed is fixed. On the contrary, the actual travelling
time is dependent on several factors such as driver behaviour, speed regulations and time of
travel. In order to observe the actual impact of travelling time uncertainty on the environment,
travelling speed can be simulated to represent different travelling conditions for instance,
different speed levels can be considered for congestion and free-flow travel regions (Eshtehadi
et al., 2017).

Secondly, asymmetry in distance between customers and a fixed travelling path is assumed.
According to Liu et al. (2017), path flexity can offer total cost savings of up to 4%.

Thirdly, the advantages of employing a mixed fleet of vehicles can be studied, especially
considering alternative energy vehicles such as electric vehicles since electric vehicles have
zero direct CO2 emissions.

Fourthly, other social impacts of transport activities such fairness and balanced routes may
be considered. For instance, working hours and delivery load between drivers may have a
huge variance which can result of employee dissatisfaction and feeling of unfairness. For this
reason, it could be interesting to integrate a fairness/balance constraint within the optimisation
model.

Lastly, uncertainty in real-life distribution problems can be considered by modelling travelling
times or customers’ demands as stochastic variables. In The next chapter will extend to
consider stochastic travelling times with two sustainability objectives.
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Chapter 7

Sim-BRIG-LS for the SCVRPST-2D

7.1 Introduction

In the previous chapter, the SCVRP-3D is proposed, which considers deterministic travel
times with economic, environmental and social dobjectives. In this Chapter,random trav-
elling times are considered and the aim is to minimise the economic and environmental
objectives. Due to the importance of considering random travelling times especially on the
subject of sustainability in vehicle routing problems, development of efficient optimisation
models and solution methods that takes into consideration such real-world complexity is
required. In view of this, a novel optimisation model (SCVRPST-2D)and a methodological
hybridisation of Monte-Carlo Simulation with a heuristic is proposed to solve the problem.
Specifically, a simulation-based Bias Randomised Iterated Greedy enhanced the route-cache
local search(Sim-BRIG-LS) is proposed. The remainder of this chapter is structured as
follows: Section 7.2, details about the contribution of this chapter is presented. Section 7.3
gives description of the stochastic problem and provides the two-stage recourse optimisation
model. In Section 7.4 describes the sim-BRIG-LS proposed approach and in Section 7.5,the
experimental setting and results are presented. Lastly, Section 7.6 summarises a discussion
of the chapter and future implementations are also discussed.
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7.2 Contribution

Due to the complexity of stochastic combinatorial optimisation problems, new and innovative
techniques have emerged to tackle such problems. One of the commonly used technique is
simulation. Moreover, simulation models can offer a close representation of complex real
COPs. Hybridisation of simulation techniques with efficient operational research methods
generate good quality solutions that take into account random variables. However, despite
the established efficiency of these hybridisation techniques, their implementation for solving
the SCVRPST-2D is still scarce.

The first contribution of this chapter is to present a novel stochastic recourse model for the
SCVRPST-2D. This model considers random travelling times and assesses the impact of
these random travelling times of the sustainability indicators.

The second contribution is the development and implementation of a hybrid biased-randomised
IG-local search with Monte-Carlo Simulation (MCS), called Sim-BRIG-LS to solve the
SCVRPST-2D. The IG component is applied to generate the vehicle routes with minimum
expected total cost while MCS is applied to generate random travelling times to estimate
expected total cost. Additionally, MCS is used to generate information about the quality
of the solution in terms of risk and reliability. The implementation of the local search
(Route-cache) technique helps enhance the performance of the Sim-BRIG-LS metaheuristic.

To the best of our knowledge, there is no scientific literature that proposes two-stage recourse
model to solve the SCVRPST-2D. In the rest of the Chapter, the Sim-BRIG-LS approach and
our two-stage recourse model is provided in detail.

7.3 Problem description and optimisation model

This study deals with the problem of routing of vehicles to consider the environmental as
well as operational costs associated. Speed of vehicles on each arc as well as the driver
departure time decisions are integrated into the problem as discussed in Chapter 3. The main
difference is that, if a vehicle exceeds its maximum allowed duration in time terms, it will
incur a penalty. This overtime may occur because of random behaviour of travelling times.

The main objective of the model is to minimise the expected total costs, consisting of opera-
tional (driver costs) and environmental costs by tightly incorporating speed and departure
time decisions with the routing and scheduling decisions and the overtime penalty costs in-
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curred when the actual travelling times are revealed. Recall that, in a stochastic environment,
the vehicle travelling times are assumed to be random.

7.3.1 SCVRPST-2D recourse model

To formally define the SCVRPST-2D, consider a complete and direct graph G = (N,A) where
N represents a set of nodes, including the depot. An available fleet of M homogeneous vehi-
cles is denoted by M = (1,2, ...,m) with load capacity Q. A is a set of arcs connecting each
pair of nodes. Since it is assumed that CO2 emissions are proportional to fuel consumption,
the objective is to find a set of routes R with their associated speeds and departure times
that minimises the environmental (fuel) and operational (driver) costs. For each route r ∈ R,
the driver is paid per hour from the departure time and each route has a maximum duration
in terms of total working hours (travelling and service times). Note that, the traveling time
ti j required to traverse an arc is assumed to be random and that it follows a probability
distribution with an existing mean E[ti j]. The fuel consumption model for this Chapter
follows the same model in Chapter 3, Equation 3.1. Model parameters and notations are
given in Tables 3.1 and 3.2

Note that, for this problem, the service times are assumed to be known and fixed. However,
only the travelling time associated with each arc is assumed to be random. Below, the
two-stage recourse model is described. The first-stage is to generate an a-priori solution with
route visiting plans before the stochastic traveling times are realised. Following the first stage
decisions, routes that have been generated have travelling time between arcs and MCS is then
applied to generate random travel times, it is then possible to calculate the total duration for
each route. In the second stage, if the total working hours of a route exceeds the maximum
allowed duration, penalties are incurred.

A. First stage model

Min Z = ∑
i, j∈A

∑
m∈M

(
c f ·FC+ cd ·Th

)
(7.1)
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Subject to:

∑
i∈N

xi j = 1 ∀ j ∈ N0 (7.2)

∑
j∈N

xi j = 1 ∀i ∈ N0 (7.3)

∑
j∈N

x0 j = M (7.4)

q jxi j ≤ fi j ≤ (Q−qi)xi j ∀(i, j) ∈ A (7.5)

∑
i∈N

f ji− ∑
j∈N

fi j = qi ∀i ∈ N0 (7.6)

si− s j + ti + ∑
r∈R

yi ≤ S
(
1− xi j

)
∀i ∈ N,∀ j ∈ N0, i ̸= j (7.7)

s j− t j0 +h j + ∑
r∈R

y j ≤ S
(
1− x j0

)
∀ j ∈ N0 (7.8)

ui ≤ si ≤ li ∀i ∈ N0 (7.9)

Ti j ≤ Tmax ∀ j ∈ N0 (7.10)

zmin ≥ zi j ≤ zmax ∀i j ∈ A (7.11)

Xi j ∈ {0,1} ∀(i j) ∈ A (7.12)

fi j ≥ 0 ∀i ∈ N0 (7.13)

si ≥ 0 ∀i ∈ N0 (7.14)

Equation 7.1 defines the objective function of minimising fuel consumption costs
(environmental costs) derived from Equation 3.1 and the driver costs for all the round-
trips (economic costs). Constraints in Equations 7.2 and 7.3 are set to guarantee that
each customer node is visited exactly once. Constraints in Equation 7.4 ensure that only
the number of available vehicles in the depot depart to the customer nodes. Constraints
in Equation7.5 ensure the vehicle maximum capacity Q is not exceeded as well as
ensuring that the quantity of load carried between (i, j) is large enough to serve the
demand of the next customer. Constraints in Equation 7.6 set the total quantity of
goods leaving the vehicle at a customer node to exactly equal its demand. Constraints
in Equations 7.7 to 7.9 ensure that the time window restrictions are respected where S

is a sufficiently large number. Constraints in Equation 7.10 ensure that the total time
spent on a route does not exceed the maximum allowed working time. Constraints in
Equation 7.11 set the vehicle speed limits. Finally, Equations 7.12 to 7.14 define the
variable domains.
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B. Second stage model

After an a-priori route plan is generated, MCS is applied, only then is the real traveling
time for a route revealed which is referred to as the expected traveling time E[ti j]

r = ti j.
If
(
E[ti j]

r +Sr
)
> Tmax, then, a penalty λ is incurred per unit of excess duration er. For

this problem, Tmax is assume as an upper bound on the duration a driver can work without
exceeding the legal limit in any 24-hour period. Additionally, no driver break time, waiting
time or stopping time is considered for the duration of the working time. The stochastic
travelling times follow a log-normal distribution with a mean µ and variance σ , even though
other distributions with a well-known mean such as the exponential distribution can be
applied, the log-normal distribution is chosen as this provides non-negative random variables
(Juan et al., 2011).

Following that, it is considered that, in normal working hours Th, a driver is paid cd per time
unit, and for any additional unit of time after Th, a penalty cost of λ is incurred. This penalty
cost corresponds to the overtime pay the driver receives (Tan et al., 2007). The total driver
remuneration is computed in Equation 7.15

Cr =

cd ·Th if Th ≤ T max

Th · cd +λ (T max−Th) otherwise
(7.15)

Consequently, the objective of the recourse model for the SCVRPST-2D is to design a first
stage solution to minimise the total expected costs of the second stage solution given a
feasible set of routes and a set of travel and service times arising from their measure spaces,
the SCVRPST-2D can be represented by the following two-stage stochastic programming
model with recourse:

Min Z = ∑
i, j∈A

∑
r∈R

(
c f ·FC+Cr

)
(7.16)

Subject to:
7.2 - 7.9, 7.11 - 7.14 and

er ≥ 0 ∀r ∈ R (7.17)

Thus, in the two-stage model, the first stage generates an initial feasible set of routes and the
second stage minimises the expected optimisation costs.
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Equation 7.15 takes into account route failure and correction costs. The total transportation
costs in Equation 7.16 is the costs of the first-stage solution, and the expected correction
costs of route failure. More specifically, they are made up of the following components: the
fixed costs (first stage costs) of employing m vehicles, total travel distance and expected
driver’s remuneration, which includes the expected penalties for late arrival to the depot after
the allowed maximum duration. Equation 7.17 states that any excess duration must be a
positive value. In our approach, our optimisation takes into account the second stage model.

7.4 Sim-BRIG-LS solution approach

In general, a stochastic problem is simply a generalisation of the deterministic case with
random information. In other words,the SCVRP-2D is a SCVRPST-2D in which the travelling
times are non-random. Therefore, given an initial SCVRP-2D instance, our approach first:
(1) transforms the deterministic instance into a stochastic instance by replacing the travelling
time between each arc by its mean or expected time; and then (2) to obtain a set of high-
quality solutions for the stochastic problem by using MCS and the BRIG-LS algorithm. To
be more specific: (i) given a solution to the SCVRP-2D, the probability distribution of each
arc’s travelling time is used to generate a random variate; and (ii) these random variates are
used to compute the stochastic travelling times and cost associated with the given route. It
has been assumed that there exists a positive correlation between the solution with constant
traveling times and a solution with stochastic traveling times with relatively low-variances.
This simply means a generated set of high-quality solutions for the SCVRP-2D is likely to
intersect with a set of good solutions for the SCVRPST-2D particularly in a low variance
case. This will be shown by the experimental results.

As described in Section 7.1, our approach is based on the integration of the BRIG-LS
described in Chapter 5 with MCS. Notice that, due to the efficiency of the BRIG-LS for the
SCVRP-2D, the Sim-BRIG-LS which combines BRIG-local search with MCS to solve the
SCVRPST-2D where travelling times are stochastic is proposed.
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7.4.1 Monte-Carlo Simulation for computing expected values (expected
travelling times, expected total cost and reliabilities)

Generally speaking, solving stochastic COPs are more challenging than their deterministic
counterparts since it represents a closer representation of real-life therefore, it is important to
select the best simulation parameters that could generate scenarios close enough to reality.
As described in Chapter 2, simulation techniques have the ability to adapt to high quality
heuristics/metaheuristics that were originally designed to solve the deterministic optimisation
problems. This leads to efficient algorithms that can be implemented to tackle stochastic
COPs.

The MCS procedure to generate the expected travelling times; consequently, has expected
total costs (Algorithm 7.1). This procedure involves three steps. First, a number of scenarios
are simulated, a scenario is characterised by the generation of one value per random variable
(following the corresponding probability distribution). Then, the solution generated in each
scenario is assessed on the random travelling times and expected cost are computed. As
explained in the previous section, this cost represents the impacts of the routing activity.
They include penalizations for route failures, which are measured in terms overtime pay
(percentage of driver costs). Without loss of generality, preventive policies are assumed to
cost zero. Lastly, the expected costs and solution reliabilities are generated.
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Algorithm 7.1 Monte-Carlo Simulation for computing expected values

1: procedure MCS(sol,T max,λ ,sim)

▷ T max: max value for driver working hours

▷ λ : unit penalty cost

▷ sim: number of simulations

2: iter← 0

3: solExpectedCost← 0

4: solReliability()← 0

5: routeFailures()← 0

6: while (iter < sim) do
7: expCost← 0

8: for (each route r in sol) do
9: rDriverT ← 0

10: for (each edge (i, j) in r) do
11: t̂i j← generate(ti j)

12: rDriverT ← rDriverT + t̂i j

13: end for
14: r.checkState(rDriverT,T max)

15: r.applyPenalty(λ ) ▷ includes updating variables

16: r.getExpectedCosts()

17: r.updateFailure()

18: end for
19: expCost← expCost + r.getExpectedCosts()

20: iter← iter+1

21: end while
22: solreliability()← routeFailures()/(nRoutes(sol) · sim)

23: solExpectedCost← expCost/sim

24: return sol ▷ solExpectedCost / solReliabilities

25: end procedure

The MCS procedure is applied for some reasons which includes: (i) assessing “promising"
solutions (generate expected values) during the main loop of the metaheuristic; and (ii)

assessing the top best solutions after the loop to get accurate measures in terms of the
expected costs and solution reliability. Since this procedure may be time-consuming, a
relatively small number of simulations are run for the first purpose, and a larger simulation
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for the second purpose. Next, a description of the main steps of the Sim-BRIG-LS framework
is provided in Fig.7.1

1. Consider a SCVRPST-2D instance defined by a set of n nodes connected by a set
of a arcs with stochastic travelling times ti j ≥ 0(1≤ i≤ n), where each ti j follows a
well-known statistical distribution; either theoretical or empirical as long as its mean
exists.

2. Consider the SCVRPST-2D defined by a maximum working hours of Tmax after which
a penalty λ is incurred over the overtime duration. Also, there exists an expected
travelling time t∗i j = E[ti j], where E[ti j] is the mean or expected value of each arcs
random travelling time.

3. Generate an initial solution by solving the SCVRP-2D using the BRIG-LS proposed
in Chapter 5. As provided in the mathematical formulation, the solution generated
by solving the SCVRP-2D is considered as a base or fixed cost of the SCVRPST-2D
solution, i.e., the cost of the SCVRPST-2D in the case that no route failure occurs.

4. Apply the local search (Route-Cache) process described in Chapter 3 to the initial
solution.

5. Using the initial solution, save two copies of the initial solution as a base solution. One
copy for the stochastic solution, and the other copy for the deterministic solution. Next,
estimate expected costs (stochastic solution) by applying MCS (short simulation), i.e.,
random travelling times and expected costs are generated. Whenever overtime occurs,
a penalty cost is applied.

6. Save a copy of the stochastic solution as the (best stochastic solution) and a copy of
the deterministic solution as the (best deterministic solution). Execute the BRIG-LS
to improve the best deterministic and stochastic solutions. This process is repeated
iteratively until a stopping condition is reached. A detailed description of the BRIG-LS
procedure is given in Chapter 5. At each iteration of this process a new solution is
generated and the following additional step is executed:

(a) If the new solution cost is lower than the current base solution cost, then, the
base solution is replaced by the new solution. The base solution is updated, a
new short simulation is used to estimate the new stochastic travelling time (base
stochastic solution) and, if necessary, update the best stochastic solution.
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7. Finally, apply MCS (long simulation) to generate estimated expected values of the
two solutions, i.e., the expected values for the best stochastic solution and the best
deterministic solution. Additionally, this returns other properties of the solutions
generated (fixed cost, expected total cost, expected failure cost and reliability).

Figure 7.1 Flowchart of the Sim-BRIG-LS for the SCVRPST-2D.
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7.5 Computational experiments

In this section, computational experiments are conducted. The purpose of these experiments
is to highlight the importance of considering stochastic information when designing vehicle
routes. This also shows the impact of uncertainty of the sustainability dimensions according
to the degree of uncertainty. For the remainder of this section, firstly, a description of
the experimental setting is given. Next, analysis of the performance of the Sim-BRIG-LS
algorithm as mentioned previously is provided. The solutions obtained by the stochastic case
is compared to the solutions obtained in the deterministic case.

7.5.1 Data and experimental setting

The algorithm was coded in JAVA programming language, and all tests were run on a
computer with a Core i5, 2.30 GHz processor and 4 GB of RAM.

Data for experiments were extracted from instances available at http://www.apollo.management.
soton.ac.uk/prplib. For our experiments, first, a set of the UK50 nodes instances is selected.
This selection is to decide on the selection of the scenario to implement on the 10, 50, 100 and
200 instance sets. Later, the results analysis for the 10,100 and 200 instances are presented.
Instances information is the same as described in Chapter 3 Section 3.3.

– Probability distribution and scenario generation

For evaluating the performance of our solutions, the performance measure given in Equations
7.18 and 7.19 is used. Travelling times between arcs as non-negative random variables that
follow a log-normal distribution with its associated mean and variance. Using the log-normal
distribution offers a more natural choice for modelling non-negative travelling times than
using the Normal distribution. The log-normal distribution, has a location parameter µi j and
a scalar parameter σi j given in the expressions below:

µ(ti j) = ln(E[ti j])−
1
2
· ln

(
1+

Var[ti j]

E[ti j]
2

)
(7.18)

σ(ti j) =

∣∣∣∣∣∣
√√√√ln

(
1+

Var[ti j]

E[ti j]
2

)∣∣∣∣∣∣ (7.19)
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In order to experiment with different levels of uncertainty, five different variance levels are
chosen for the UK50 problem instance. i.e., Var[ti j]= P × E[ti j] for different values of the
parameter P. The value of P determines the degree of uncertainty of travelling times. For
instance, if P = 0.05, the expected travelling time between i and j will be 0.05 × the mean
value of ti j. The expected travelling in this case will reveal a low uncertainty.

Particularly, for the experiments, five different scenarios as presented in Table 7.1 Each
scenario is represented by its uncertainty level which ranges from low uncertainty to a
relatively high uncertainty.

Table 7.1 Experiment scenarios for different uncertainty levels.

Scenario Uncertainty level

1 0.05E[ti j]
2 0.15E[ti j]
3 0.50E[ti j]
4 0.75E[ti j]
5 1E[ti j]

The scenarios in Table 7.1 are applied to all test instances in the UK50 instance set. Setting
the values of this parameter P determines the characteristics of each scenarios. To fully
describe these scenarios, scenario 1 has low uncertainty, scenario 2 has medium uncertainty,
scenario 3 has medium-high uncertainty level, scenario 4 has high uncertainty, and scenario 5

is a very-high uncertainty scenario. For each of the above scenarios, first, a near-optimal
solution for the deterministic case using the BRIG-LS algorithm is computed, in order to
obtain estimates of the expected values (expected travelling times, expected total costs and
reliabilities), MCS is applied to the deterministic solution generated. The reliability of a
route is computed as follows:

R =

(
1− ∑

nSim
n=0 routeFailures

nSim

)
(7.20)

Equation 7.20 is computed as 1 minus the proportion of routes where, at least, a route failure
occurs.

In the following subsections, a comparison between the values of our Best Deterministic
Solutions (BDS), Best Stochastic Solutions (BSS) and the Best Known Solutions (BKS) in
the literature will be presented. Specifically, Tables 7.2 - 7.6 show for all the scenarios the
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following columns: Instance name, total cost values of the BKS, fixed cost ( f c) obtained
by the first stage model which is also a representation of the SCVRP-2D (i.e., the solution
generated to obtain initial estimates of routes), the expected failure costs (pc) as a result
of route overtime when random variables are revealed (the solution of the second stage
model),expected total costs (Etc) which is f c + pc and solution reliabilities. The percentage
gap between the values of the BKS, the BDSEtc and the BSSEtc are presented in the last 3
columns.The computational time spent by MCS technique to estimate the expected values
for the solution is not reported since this value is next to zero for each tested instance.

7.5.2 Comparative analysis for different uncertainty levels

In order to see the economic and environmental impact of considering uncertainty of data
within the SCVRPST-2D, it is important to show the solution behaviour and present numerical
analysis of the near-optimal solutions obtained by the SCVRP-2D, and the solutions obtained
by its stochastic counterpart SCVRPST-2D. Recall that, the solution for the SCVRP-2D can
also serve as a feasible solution for the SCVRPST-2D although this will result in higher
penalty costs due to recourse actions. For this,the influence of varying the uncertainty level
on the three problem dimensions is shown.
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Figure 7.2 Total expected costs average percentage gap w.r.t BKS.

Fig.7.2 shows the gaps between the different uncertainty scenarios for the BDS, the BSS
case and the BKS. According to the graphical representation of results in Fig.7.2, the level of
variability in travelling time has a direct cost impact on the solution behaviour. This shows
that as uncertainty level in the travelling times increase, the route failure rate increases, which
increases the expected total cost. This implies that, as uncertainty increases, the solutions
tend to be more expensive. For instance, in the very-high uncertainty scenario (S5), the BDS
solution tends to be as high as 13.65% more expensive than the BKS for instance UK50_50
and the BSS is 13.45% in the same instance. However, the BSS is 1.64% less expensive than
the BDS.

Regarding the robustness of the solutions under different scenarios, the reliability of the
deterministic solutions using deterministic travelling times is assessed by applying MCS
(single short and long simulations). For the stochastic case, firstly, a short simulation is used
to generate the initial random insights of routes, then short simulations are repeatedly applied
within the iterative solution improvement procedure. Finally, a long simulation is applied to
generate the final insights of the BSS obtained.
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Figure 7.3 Average BDS and BSS reliabilities.

Fig.7.3 illustrates graphically, the reliability of the solutions for all the generated scenarios.
In any level of variability, the BDS tend to obtain lower average reliability when compared to
the BSS. For instance, in a low-variability scenario S1 results shown in Table 1, it can be seen
that BDS provides an average reliability level of 0.60% when applied to the SCVRPST-2D
while the BSS achieved an average reliability of 0.91%. As discussed earlier, the reliability
of the solution increases as the probability of failure decreases. This behaviour is shown in
Fig.7.3 where the average reliability achieved are; (i) for BDS 0.20%, 0.24%, 0.46%, 0.56%
and 0.60% for S5, S4, S3, S2, and S1 respectively (ii) for BSS 0.63%, 0.64%, 0.80%, 0.88%
and 0.91% for S5, S4, S3, S2, and S1 respectively.

Recall that in the presence of uncertainty, lower reliability levels involve more route failures
and, therefore, higher expected failure costs, hence higher total costs. This can be observed
when the gaps between the total costs (TC) for the BKS (1), BDS (2), and BSS (3) is analysed.
In a high variability scenario S5, there is an average gap of 5.56% between (1) and (2), and
4.96% between (1) and (3). On the other hand, in a low variability scenario S1, it can be
seen that the gaps between (1)-(3) and (1)-(3) are significantly lower at 2.34% and 1.40%
respectively. Summarily, this behaviour implies that the higher the variance, the larger the
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gaps (in costs) between a solution under uncertainty and the BKS for the SCVRP-2D. Also,
while the differences among levels of stochasticity are relatively small for low probabilities
(below 0.8), they rapidly increase for higher values.

Table 7.2 Comparison of result values for low travelling time uncertainty.

S1 BKS BDS BSS %Gaps

Instances
Totalcost

(1)
penalty fixedcost

E Totalcost
(2)

Relaibility penalty fixedcost
E Totalcost

(3)
Relaibility

Total
cost

(1)-(2)

Total
cost

(1)-(3)

Total
cost

(2)-(3)

UK50 01 584.00 32.66 564.59 597.25 0.20 0.00 587.84 587.84 1.00 2.26 0.65 -1.58
UK50 02 592.40 10.22 591.77 601.99 0.60 0.26 599.77 600.02 0.94 1.61 1.28 -0.33
UK50 03 614.90 16.90 613.19 630.09 0.66 0.00 620.74 620.74 1.00 2.47 0.95 -1.48
UK50 04 734.00 19.47 743.22 762.69 0.51 3.27 743.43 746.70 0.93 3.90 1.72 -2.10
UK50 05 618.80 18.00 612.55 630.55 0.56 0.54 628.32 628.85 0.97 1.91 1.63 -0.27
UK50 06 571.00 7.83 564.89 572.72 0.89 1.24 569.95 571.18 0.99 0.30 0.03 -0.27
UK50 07 520.30 16.83 521.02 537.85 0.59 6.91 529.70 536.61 0.73 3.38 3.14 -0.23
UK50 08 546.80 8.54 545.05 553.60 0.81 2.52 550.45 552.97 0.91 1.24 1.12 -0.11
UK50 09 670.60 21.30 652.59 673.89 0.77 5.68 667.88 673.56 0.71 0.49 0.44 -0.05
UK50 10 661.60 19.96 661.69 681.65 0.52 3.82 668.11 671.94 0.93 3.04 1.57 -1.43
UK50 11 608.10 15.37 617.24 632.61 0.69 0.18 631.07 631.25 0.98 4.04 3.81 -0.22
UK50 12 564.20 16.35 565.58 581.93 0.59 3.85 569.68 573.54 0.90 3.15 1.66 -1.44
UK50 13 570.50 4.69 575.43 580.13 0.78 0.00 575.77 575.77 1.00 1.69 0.93 -0.75
UK50 14 643.90 27.30 627.55 654.85 0.45 4.45 641.04 645.49 0.79 1.71 0.25 -1.43
UK50 15 579.70 24.75 577.28 602.03 0.30 6.58 580.52 587.10 0.77 3.84 1.27 -2.48
UK50 16 566.70 17.11 560.98 578.09 0.42 0.88 567.15 568.02 0.98 2.02 0.24 -1.74
UK50 17 443.60 13.28 432.31 445.59 0.67 0.00 449.77 449.77 1.00 0.45 0.04 -0.41
UK50 18 668.60 13.02 673.83 686.85 0.71 0.42 677.38 677.80 0.98 2.73 1.38 -1.32
UK50 19 578.40 15.32 587.03 602.35 0.63 0.00 600.64 600.64 1.00 4.14 3.84 -0.28
UK50 20 667.20 17.67 665.32 682.99 0.69 10.45 670.12 680.57 0.75 2.37 2.00 -0.35

Average 600.27 16.83 597.66 614.49 0.60 2.55 606.47 609.02 0.91 2.34 1.40 -0.91

Tables 7.2 - 7.6 present detailed results of the total penalty cost incurred as a result of route
overtime, the total solution cost which is the expected failure cost and the fixed cost. Notice
that, in all the tested scenarios, the stochastic solution that accesses MCS several times proves
to be more robust in terms of exceeding the working hours’ limit as well as the reliability
of the routes. In contrast, the fixed costs of the deterministic solutions are less expensive in
comparison to the fixed costs for the stochastic solutions. Nevertheless, the decision maker
may prefer a robust solution that is more reliable which will mean less overtime hours, hence,
lower expected total cost.
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Table 7.3 Comparison of result values for medium-low travelling time uncertainty.

S2 BKS BDS BSS %Gaps

Instances
Totalcost

(1)
penalty fixedcost

E Totalcost
(2)

Relaibility penalty fixedcost
E Totalcost

(3)
Relaibility

Total
cost

(1)-(2)

Total
cost

(1)-(3)

Total
cost

(2)-(3)

UK50 01 584.00 32.66 564.59 597.25 0.18 5.84 580.14 585.98 1.00 2.26 0.33 -1.89
UK50 02 592.40 12.93 591.77 604.70 0.60 2.61 601.41 604.02 0.94 2.07 1.96 -0.11
UK50 03 614.90 20.48 613.19 633.68 0.31 0.90 623.23 624.13 0.99 3.06 1.50 -1.51
UK50 04 734.00 29.76 743.22 772.98 0.28 3.31 761.59 764.90 0.87 5.30 4.20 -1.05
UK50 05 618.80 9.95 612.55 622.50 0.78 0.54 618.32 618.85 0.97 0.60 0.02 -0.59
UK50 06 571.00 10.43 564.89 575.32 0.50 4.83 569.88 574.71 0.75 0.75 0.64 -0.11
UK50 07 520.30 24.22 521.02 545.23 0.45 8.08 524.61 532.70 0.68 4.80 2.39 -2.30
UK50 08 546.80 14.28 545.05 559.33 0.70 0.00 556.45 556.45 1.00 2.29 1.76 -0.52
UK50 09 670.60 28.35 652.59 680.95 0.42 11.39 659.26 670.65 0.54 1.54 0.01 -1.51
UK50 10 661.60 9.38 661.69 671.07 0.79 0.00 664.33 664.33 1.00 1.44 0.42 -1.00
UK50 11 608.10 8.84 617.24 626.09 0.81 0.18 622.38 622.56 0.98 2.96 2.39 -0.56
UK50 12 564.20 3.85 565.58 569.43 0.88 0.00 568.94 568.94 1.00 0.93 0.85 -0.09
UK50 13 570.50 8.44 575.43 583.88 0.72 0.47 578.11 578.58 0.95 2.35 1.42 -0.91
UK50 14 643.90 19.87 627.55 647.42 0.56 4.48 639.55 644.03 0.86 0.55 0.03 -0.52
UK50 15 579.70 26.93 577.28 604.21 0.41 10.05 593.10 603.15 0.77 4.22 4.04 -0.18
UK50 16 566.70 27.11 560.98 588.09 0.53 16.88 567.15 584.02 0.67 3.78 3.07 -0.69
UK50 17 443.60 17.02 432.31 449.34 0.81 0.00 447.50 447.50 1.00 1.29 0.88 -0.41
UK50 18 668.60 18.06 673.83 691.89 0.45 2.05 686.94 689.00 0.95 3.49 3.05 -0.42
UK50 19 578.40 15.49 587.03 602.52 0.50 0.00 600.87 600.87 1.00 4.17 3.88 -0.27
UK50 20 667.20 19.70 665.32 685.02 0.60 4.25 668.58 672.82 0.65 2.67 0.84 -1.78

Average 600.27 17.89 597.66 615.55 0.56 3.79 606.62 610.41 0.88 2.53 1.68 -0.82

Table 7.4 Comparison of result values for medium travelling time uncertainty.

S3 BKS BDS BSS %Gaps

Instances
Totalcost

(1)
penalty fixedcost

Totalcost-E
(2)

Relaibility penalty fixedcost
Totalcost-E

(3)
Relaibility

Total
cost

(1)-(2)

Total
cost

(1)-(3)

Total
cost

(2)-(3)

UK50 01 584.00 564.59 20.96 585.55 0.32 569.42 15.51 584.92 0.51 0.26 0.15 -0.11
UK50 02 592.40 591.77 13.42 605.18 0.45 601.47 2.93 604.40 0.73 2.15 2.02 -0.13
UK50 03 614.90 613.19 18.22 631.41 0.31 620.77 6.31 627.08 0.78 2.69 1.98 -0.68
UK50 04 734.00 743.22 22.88 766.10 0.30 750.58 13.10 763.68 0.77 4.37 4.04 -0.32
UK50 05 618.80 612.55 25.07 637.62 0.29 634.16 0.79 634.96 0.98 3.05 2.62 -0.42
UK50 06 571.00 564.89 15.87 580.77 0.41 571.87 7.75 579.62 0.72 1.71 1.50 -0.20
UK50 07 520.30 521.02 22.76 543.78 0.39 541.89 1.00 542.89 0.91 4.52 4.35 -0.16
UK50 08 546.80 545.05 19.79 564.85 0.33 564.75 2.92 567.67 0.89 3.30 3.81 0.50
UK50 09 670.60 652.59 24.63 677.22 0.70 657.66 13.06 670.72 0.79 0.99 0.02 -0.96
UK50 10 661.60 661.69 10.96 672.65 0.55 662.54 6.65 669.19 0.53 1.68 1.15 -0.51
UK50 11 608.10 617.24 6.23 623.47 0.72 618.80 0.36 619.16 0.98 2.54 1.83 -0.69
UK50 12 564.20 565.58 38.23 603.81 0.15 582.77 10.87 593.65 0.74 7.03 5.23 -1.68
UK50 13 570.50 575.43 32.11 607.54 0.19 587.24 0.00 587.24 1.00 6.49 2.94 -3.34
UK50 14 643.90 627.55 17.77 645.32 0.65 633.96 10.00 643.96 0.81 0.23 0.01 -0.21
UK50 15 579.70 577.28 28.44 605.72 0.54 579.10 16.36 595.46 0.67 4.48 2.71 -1.69
UK50 16 566.70 560.98 15.37 576.35 0.60 567.46 5.64 573.10 0.91 1.71 1.14 -0.56
UK50 17 443.60 432.31 19.57 451.89 0.61 445.02 4.03 449.05 0.75 1.87 1.23 -0.63
UK50 18 668.60 673.83 17.30 691.14 0.50 680.00 2.51 682.51 0.81 3.37 2.08 -1.25
UK50 19 578.40 587.03 28.72 615.76 0.55 600.35 3.65 604.01 0.82 6.46 4.42 -1.91
UK50 20 667.20 665.32 15.95 681.27 0.57 670.03 2.76 672.79 0.94 2.11 0.84 -1.24

Average 600.27 597.66 20.71 618.37 0.46 606.99 6.31 613.30 0.80 3.05 2.20 -0.81
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Table 7.5 Comparison of result values for high travelling time uncertainty.

S4 BKS BDS BSS %Gaps

Instances
Totalcost

(1)
penalty fixedcost

E Totalcost
(2)

Relaibility penalty fixedcost
E Totalcost

(3)
Relaibility

Total
cost

(1)-(2)

Total
cost

(1)-(3)

Total
cost

(2)-(3)

UK50 01 584.00 25.41 564.59 590.00 0.42 16.04 571.53 587.57 0.91 1.02 0.60 -0.41
UK50 02 592.40 27.79 591.77 619.56 0.20 2.05 616.25 618.30 0.93 4.58 4.37 -0.20
UK50 03 614.90 18.54 613.19 631.73 0.37 9.36 621.20 630.55 0.76 2.74 2.55 -0.19
UK50 04 734.00 33.11 743.22 776.33 0.19 12.11 755.64 767.75 0.56 5.76 4.59 -1.10
UK50 05 618.80 32.45 612.55 645.00 0.18 20.84 622.99 643.83 0.41 4.24 4.05 -0.18
UK50 06 571.00 24.33 564.89 589.23 0.34 10.31 572.48 582.79 0.50 3.19 2.06 -1.09
UK50 07 520.30 37.94 521.02 558.95 0.19 7.95 542.48 550.43 0.64 7.44 5.80 -1.53
UK50 08 546.80 24.33 545.05 569.39 0.29 7.93 551.84 559.77 0.72 4.13 2.37 -1.69
UK50 09 670.60 35.93 652.59 688.52 0.17 21.15 665.17 686.32 0.33 2.67 2.35 -0.32
UK50 10 661.60 35.85 661.69 697.55 0.16 13.41 680.71 694.12 0.66 5.44 4.92 -0.49
UK50 11 608.10 44.68 617.24 661.92 0.13 19.66 630.89 650.55 0.48 8.86 6.99 -1.72
UK50 12 564.20 27.83 565.58 593.40 0.32 7.46 576.36 583.82 0.68 5.18 3.48 -1.61
UK50 13 570.50 31.94 575.43 607.37 0.19 17.66 581.87 599.54 0.44 6.47 5.09 -1.29
UK50 14 643.90 69.63 627.55 697.18 0.10 41.62 654.37 695.99 0.22 8.28 8.10 -0.17
UK50 15 579.70 20.30 577.28 597.57 0.33 14.25 580.63 594.88 0.54 3.08 2.61 -0.45
UK50 16 566.70 36.15 560.98 597.12 0.17 9.12 584.76 593.88 0.79 5.38 4.81 -0.54
UK50 17 443.60 40.29 432.31 472.60 0.15 12.57 455.46 468.03 0.68 6.54 5.50 -0.97
UK50 18 668.60 31.17 673.83 705.00 0.19 2.19 691.91 694.11 0.92 5.45 3.82 -1.55
UK50 19 578.40 18.27 587.03 605.31 0.33 0.58 599.09 599.67 0.98 4.65 3.67 -0.93
UK50 20 667.20 28.57 665.32 693.89 0.30 8.42 677.92 686.34 0.53 4.00 2.87 -1.09

Average 600.27 32.23 597.66 629.88 0.24 12.73 611.68 624.41 0.64 4.95 4.03 -0.87

Table 7.6 Comparison of result values for very high travelling time uncertainty.

S5 BKS BDS BSS %Gaps

Instances
Totalcost

(1)
penalty fixedcost

E Totalcost
(2)

Relaibility penalty fixedcost
E Totalcost

(3)
Relaibility

Total
cost

(1)-(2)

Total
cost

(1)-(3)

Total
cost

(2)-(3)

UK50 01 584.00 32.66 564.59 597.25 0.18 19.05 575.26 594.32 0.51 2.26 1.76 -0.49
UK50 02 592.40 47.64 591.77 639.41 0.13 29.00 608.77 637.77 0.43 7.93 7.65 -0.26
UK50 03 614.90 10.75 613.19 623.94 0.53 8.86 615.04 623.90 0.78 1.47 1.47 -0.01
UK50 04 734.00 33.67 743.22 776.89 0.15 1.54 762.62 764.16 0.95 5.84 4.10 -1.64
UK50 05 618.80 90.65 612.55 703.20 0.03 10.48 691.47 701.95 0.62 13.65 13.45 -0.18
UK50 06 571.00 35.02 564.89 599.91 0.13 12.77 586.63 599.40 0.72 5.06 4.97 -0.08
UK50 07 520.30 61.95 521.02 582.97 0.11 31.27 547.41 578.68 0.20 12.05 11.23 -0.74
UK50 08 546.80 32.12 545.05 577.17 0.17 14.28 558.22 572.50 0.49 5.55 4.70 -0.81
UK50 09 670.60 50.03 652.59 702.62 0.16 19.71 675.17 694.87 0.58 4.78 3.62 -1.10
UK50 10 661.60 19.95 661.69 681.64 0.28 3.34 671.53 674.87 0.83 3.04 2.01 -0.99
UK50 11 608.10 33.77 617.24 651.02 0.14 21.97 625.94 647.90 0.59 7.06 6.55 -0.48
UK50 12 564.20 17.99 565.58 583.57 0.31 10.21 572.33 582.54 0.54 3.44 3.26 -0.18
UK50 13 570.50 19.81 575.43 595.25 0.27 1.92 592.60 594.52 0.90 4.34 4.21 -0.12
UK50 14 643.90 48.53 627.55 676.08 0.11 34.45 631.26 665.71 0.32 5.00 3.39 -1.53
UK50 15 579.70 41.49 577.28 618.77 0.14 8.17 607.35 615.53 0.77 6.73 6.17 -0.52
UK50 16 566.70 23.30 560.98 584.28 0.31 4.12 578.88 583.01 0.91 3.11 2.89 -0.22
UK50 17 443.60 35.90 432.31 468.21 0.19 8.75 455.96 464.71 0.55 5.55 4.76 -0.75
UK50 18 668.60 10.75 673.83 684.59 0.32 3.74 679.94 683.68 0.71 2.39 2.26 -0.13
UK50 19 578.40 18.20 587.03 605.23 0.24 1.59 602.19 603.78 0.91 4.63 4.38 -0.24
UK50 20 667.20 50.70 665.32 716.02 0.13 37.65 672.71 710.36 0.24 7.32 6.47 -0.79

Average 600.27 35.74 597.66 633.40 0.20 14.14 615.56 629.71 0.63 5.56 4.96 -0.56
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7.5.3 Analysis of results with low uncertainty level 0.05E[ti j] for all
tested instances

A further analysis is conducted on the behaviour of the Sim-BRIG-LS approach on the
smallest to the largest instances namely: 10, 50, 100 and 200 problem instances. Tables 7.7
- 7.10 detail the results for all tested instances and in each instance, the best solutions are
compared. In particular, these tables provide the following columns: the first column presents
the instance name and number, the second column the Best Known Solution (BKS) total
cost (TC) in the literature denoted as (1). Columns three and four show the fixed costs and
expected failure costs for the BDS denoted as BDS f c and BDSE f c respectively. In column
five, the BDS to total cost BDST c, also represented by (2). For the BSS, the fixed costs and
expected failure costs denoted as BSS f c and BSSE f c are provided in columns six and seven
while the total cost BDST c represented by (3) is provided in column eight. Finally, Columns
6-7 summarise the obtained gaps between (1)-(2), (1)-(3), and (2)-(3). A negative gap means
that the solution value obtained by the approach put forward in this study improved the
expected total cost solution. According to the results obtained, it can be concluded that
although the pseudo-optimal solutions for the SCVRP-2D are generally lower for the BDS,
they generate less reliable routes when it is accessed by MCS in the SCVRPST-2D which
is attributed to the high failure rate of routes leading to higher expected total costs. On the
other hand, while the pseudo-optimal solutions for the SCVRP-2D tends to be high for the
BSS, they achieve higher reliability hence, lower expected total costs when simulation is
applied within the SCVRPST-2D framework.

If travelling time between edges is random, this may result to increase in total travelling and
as a result, an increase in the driver costs. This increase in cost may be as a result of driver
overtime which is presented as a penalty in the model. The results obtained for all the tested
uncertainty scenarios suggest that the impact of random travelling times has a direct impact
on the fuel consumption which will also impact the total cost. Although, in our optimisation
model, impact of random travelling times can only be seen directly from the driver cost
component of the objective function, this will directly impact on fuel consumption and CO2

emissions. Indeed, when the travelling speed is increased, this will lead to an increase in fuel
consumption. Consequently, this will result in an increase in fuel cost and CO2 emissions.

According to Demir et al. (2014c) due this type of problem having an objective function
composed of fuel cost and driver cost, this may give rise to a conflict, because driver costs
plays a major role in obtaining a reduction in the overall costs. Hence, obtaining a suitable
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trade-off between the economic cost component and the environmental cost component, our
proposed methodology tries to find a suitable balance between fuel consumption and driver
working hours.

Table 7.7 Result values for low travelling time uncertainty (UK10 instance).

BDS(1) BSS(2) %Gaps

Instances penalty fixedcost E Totalcost #vehs penalty fixedcost E Totalcost #vehs
fixedcost
(1)-(2)

Totalcost
(1)-(2)

UK10 01 168.8 5.5 174.4 2.0 174.0 0.0 174.0 2.0 3.1 -0.2
UK10 02 202.9 11.1 214.0 2.0 204.8 8.5 213.3 2.0 5.1 -4.3
UK10 03 198.2 7.5 205.7 2.0 200.3 3.5 203.8 2.0 2.8 -2.6
UK10 04 186.2 6.9 193.0 2.0 188.8 1.3 190.1 2.0 2.1 -2.2
UK10 05 172.9 7.9 180.7 2.0 175.7 3.7 179.4 2.0 3.8 -2.8
UK10 06 206.7 4.9 211.6 2.0 208.8 2.0 210.8 2.0 2.0 -1.3
UK10 07 189.9 5.3 195.2 2.0 190.8 0.8 191.6 2.0 0.9 -2.2
UK10 08 221.7 7.8 229.5 2.0 228.5 0.6 229.2 2.0 3.4 -0.4
UK10 09 173.5 5.2 178.7 2.0 177.0 0.6 177.6 2.0 2.4 -0.9
UK10 10 189.0 6.6 195.6 2.0 190.1 3.1 193.2 2.0 2.2 -2.8
UK10 11 261.5 8.4 269.9 2.0 269.1 0.8 269.9 2.0 3.2 -0.3
UK10 12 180.1 7.7 187.7 2.0 183.2 2.3 185.5 2.0 3.0 -2.4
UK10 13 193.3 8.3 201.6 2.0 200.7 0.2 200.9 2.0 3.9 -0.4
UK10 14 158.2 9.0 167.3 2.0 162.5 4.1 166.5 2.0 5.2 -2.9
UK10 15 120.0 8.2 128.2 2.0 123.9 3.6 127.5 2.0 6.3 -3.3
UK10 16 184.3 10.4 194.8 2.0 186.1 6.8 192.9 2.0 4.6 -4.5
UK10 17 155.9 8.2 164.2 2.0 156.9 3.3 160.2 2.0 2.7 -4.4
UK10 18 158.0 4.3 162.4 2.0 160.2 0.6 160.8 2.0 1.8 -1.3
UK10 19 165.4 8.2 173.6 2.0 170.4 2.4 172.7 2.0 4.4 -1.9
UK10 20 166.3 6.0 172.2 2.0 170.3 1.4 171.8 2.0 3.3 -1.1

Average 182.6 7.4 190.0 2.0 186.1 2.5 188.6 2.0 3.3 -2.1
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Table 7.8 Result values for low travelling time uncertainty (UK50 instance).

BDS(1) BSS(2) %Gaps

Instances penalty fixedcost E Totalcost #vehs penalty fixedcost E Totalcost #vehs
fixedcost
(1)-(2)

Totalcost
(1)-(2)

UK50 01 564.6 21.0 585.6 7.0 569.4 13.5 582.9 7.0 0.9 -0.4
UK50 02 591.8 13.4 605.2 7.0 601.5 2.9 604.4 7.0 1.6 -0.1
UK50 03 613.2 18.2 631.4 7.0 620.8 6.3 627.1 7.0 1.2 -0.7
UK50 04 743.2 22.9 766.1 8.0 752.6 13.1 765.7 8.0 1.3 -0.1
UK50 05 612.6 25.1 637.6 6.0 634.2 0.8 635.0 7.0 3.5 -0.4
UK50 06 564.9 15.9 580.8 8.0 571.9 7.7 579.6 8.0 1.2 -0.2
UK50 07 521.0 22.8 543.8 7.0 541.9 0.0 541.9 7.0 4.0 -0.3
UK50 08 545.1 19.8 564.8 7.0 564.7 0.0 564.7 7.0 3.6 0.0
UK50 09 652.6 9.6 662.2 7.0 658.7 3.1 661.7 7.0 0.9 -0.1
UK50 10 661.7 11.0 672.6 7.0 662.5 6.6 669.2 7.0 0.1 -0.5
UK50 11 617.2 6.2 623.5 7.0 618.8 0.4 619.2 7.0 0.3 -0.7
UK50 12 565.6 38.2 603.8 7.0 582.8 10.9 593.6 6.0 3.0 -1.7
UK50 13 575.4 32.1 607.5 7.0 607.2 0.0 607.2 7.0 5.5 0.0
UK50 14 627.6 10.8 638.3 7.0 634.0 0.0 634.0 7.0 1.0 -0.7
UK50 15 577.3 28.4 605.7 6.0 579.1 16.4 595.5 6.0 0.3 -1.7
UK50 16 561.0 15.4 576.3 7.0 570.5 5.6 576.1 7.0 1.7 0.0
UK50 17 432.3 19.6 451.9 8.0 450.0 0.0 450.0 7.0 4.1 -0.4
UK50 18 673.8 17.3 691.1 8.0 688.0 2.5 690.5 8.0 2.1 -0.1
UK50 19 587.0 28.7 615.8 7.0 610.4 3.7 614.0 7.0 4.0 -0.3
UK50 20 665.3 16.0 681.3 7.0 678.0 2.8 680.8 7.0 1.9 -0.1

Average 597.7 19.6 617.3 7.1 609.8 4.8 614.7 7.1 2.1 -0.4
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Table 7.9 Result values for low travelling time uncertainty (UK100 instance).

BDS(1) BSS(2) %Gaps

Instances penalty fixedcost E Totalcost #vehs penalty fixedcost E Totalcost #vehs
fixedcost
(1)-(2)

Totalcost
(1)-(2)

UK100 01 1190.3 17.3 1207.6 14.0 1194.2 8.0 1202.3 14.0 0.3 -0.4
UK100 02 1145.2 85.1 1230.3 13.0 1146.1 68.1 1214.2 13.0 0.1 -1.3
UK100 03 1065.8 68.1 1133.9 13.0 1088.7 20.4 1109.1 13.0 2.1 -2.2
UK100 04 1051.8 53.2 1105.0 15.0 1074.7 22.2 1096.9 15.0 2.2 -0.7
UK100 05 1023.6 12.5 1036.0 15.0 1032.9 0.0 1032.9 15.0 0.9 -0.3
UK100 06 1179.7 39.2 1218.9 14.0 1185.2 22.6 1207.8 14.0 0.5 -0.9
UK100 07 1031.5 81.8 1113.3 12.0 1103.1 0.0 1103.1 12.0 6.9 -0.9
UK100 08 1085.6 27.1 1112.7 12.0 1105.4 6.6 1112.0 13.0 1.8 -0.1
UK100 09 973.2 40.0 1013.2 13.0 993.6 0.0 993.6 13.0 2.1 -1.9
UK100 10 1043.7 60.7 1104.4 12.0 1051.8 20.4 1072.2 12.0 0.8 -2.9
UK100 11 1174.7 43.3 1217.9 15.0 1194.8 2.5 1197.3 15.0 1.7 -1.7
UK100 12 1017.4 14.9 1032.3 12.0 1020.1 6.6 1026.8 12.0 0.3 -0.5
UK100 13 1112.8 50.2 1163.0 13.0 1151.3 11.7 1163.0 13.0 3.5 0.0
UK100 14 1237.7 21.8 1259.5 15.0 1252.5 1.5 1254.0 14.0 1.2 -0.4
UK100 15 1279.6 18.9 1298.6 15.0 1282.0 8.4 1290.4 15.0 0.2 -0.6
UK100 16 955.6 27.0 982.6 12.0 981.7 0.0 981.7 12.0 2.7 -0.1
UK100 17 1245.5 57.2 1302.7 15.0 1291.8 4.1 1295.9 15.0 3.7 -0.5
UK100 18 1059.2 5.3 1064.5 13.0 1060.4 1.3 1061.7 13.0 0.1 -0.3
UK100 19 997.8 24.1 1021.8 13.0 1018.6 3.1 1021.7 13.0 2.1 0.0
UK100 20 1225.8 10.9 1236.7 14.0 1229.7 7.0 1236.7 14.0 0.3 0.0

Average 1104.8 37.9 1142.7 13.5 1122.9 10.7 1133.7 13.5 1.7 -0.8
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Table 7.10 Result values for low travelling time uncertainty (UK200 instance).

BDS(1) BSS(2) %Gaps

Instances penalty fixedcost E Totalcost #vehs penalty fixedcost E Totalcost #vehs
fixedcost
(1)-(2)

Totalcost
(1)-(2)

UK200 01 2002.8 25.2 2028.1 28.0 2015.5 5.6 2021.1 28.0 0.6 -0.3
UK200 02 1886.0 31.6 1917.6 24.0 1909.1 7.3 1916.4 24.0 1.2 -0.1
UK200 03 1922.5 20.1 1942.6 27.0 1937.3 5.0 1942.3 27.0 0.8 0.0
UK200 04 1819.0 5.5 1824.5 26.0 1820.2 3.6 1823.8 26.0 0.1 0.0
UK200 05 2079.8 11.5 2091.3 27.0 2085.9 4.4 2090.2 27.0 0.3 -0.1
UK200 06 1781.5 9.5 1790.9 27.0 1789.4 1.2 1790.6 27.0 0.4 0.0
UK200 07 1898.0 18.8 1916.8 27.0 1914.2 1.4 1915.6 27.0 0.9 -0.1
UK200 08 2012.9 24.2 2037.1 27.0 2036.0 0.0 2036.0 27.0 1.1 -0.1
UK200 09 1748.7 18.1 1766.8 26.0 1762.5 1.2 1763.8 25.0 0.8 -0.2
UK200 10 2097.9 13.3 2111.2 28.0 2117.0 7.7 2124.7 28.0 0.9 0.6
UK200 11 1816.9 16.1 1833.0 28.0 1821.4 8.1 1829.6 27.0 0.2 -0.2
UK200 12 2046.2 9.6 2055.8 25.0 2051.3 3.3 2054.6 25.0 0.2 -0.1
UK200 13 2042.5 11.0 2053.4 25.0 2051.7 1.3 2053.0 25.0 0.5 0.0
UK200 14 1914.9 14.4 1929.3 27.0 1923.9 3.1 1927.0 27.0 0.5 -0.1
UK200 15 1996.6 9.6 2006.2 26.0 1999.8 6.0 2005.8 26.0 0.2 0.0
UK200 16 1961.5 18.7 1980.3 27.0 1967.8 7.8 1975.6 27.0 0.3 -0.2
UK200 17 2084.2 25.1 2109.4 26.0 2099.2 5.2 2104.5 26.0 0.7 -0.2
UK200 18 1927.4 24.4 1951.8 27.0 1949.0 2.5 1951.4 27.0 1.1 0.0
UK200 19 1737.0 20.0 1757.0 25.0 1754.1 0.0 1754.1 25.0 1.0 -0.2
UK200 20 2033.0 33.3 2066.3 27.0 2060.9 4.5 2065.4 27.0 1.4 0.0

Average 1940.5 18.0 1958.5 26.5 1953.3 4.0 1957.3 26.4 0.7 -0.1

7.6 Conclusion

In this chapter, a novel SCVRPST-2D optimisation model and a hybrid Sim-BRIG-LS
algorithm to solve the problem are described. This approach hybridises the BRIG-LS with
MCS technique. This approach was proposed to solve the SCVRPST-2D where the main
objective is to tackle the impact of driver cost and fuel cost when travelling times are
stochastic. Additionally, this approach integrates a procedure for setting vehicle departure
times and travelling speeds. The fundamental ideas behind this approach are as follows:

• Consider an initial SCVRPST-2D with deterministic travelling times by replacing the
expected values of the travelling time with the deterministic ones.

• Apply the BRIG-LS algorithm to the SCVRPST-2D model to generate an initial good
solution.
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• Consider each deterministic travelling time as an expected value by generating random
variates using the MCS procedure and estimate the expected value of the total cost in a
stochastic environment.

To validate our approach, computational experiments have been carried out using benchmark
instances with a number of customers ranging from 10 to 200 customers. The results obtained
highlights the importance of considering the variability of travelling time information that
may occur during the design of vehicle travelling routing. This shows the beneficial reduction
in total expected costs when simulation is implemented to generate scenarios close enough
to reality.

It is important to pointed out that, to the best of our knowledge there is no existing work that
proposes the idea of measuring the impact of random travelling times on the behaviour of
the SCVRPST-2D. Additionally, a hybridised BRIG-LS with MCS is proposed to solve this
problem. This hybrid approach is reasonably flexible and can be adapted to any theoretical or
empirical probability distribution for solving the problem. In summary, this chapter highlights
some of the advantages that can be achieved when hybridising the BRIG-LS algorithm with
the MCS technique for solving the SCVRPST-2D. Nevertheless, it is important to note the
limitations of this chapter, which may also suggest future research directions.

Firstly, this chapter assumes that customer demand is fixed. In other words, stochasticity
of demand was not considered which may not accurately highlight the actual impact of
data uncertainty in the context of sustainability. Hence, there is the possible extension to
consider stochasticity of demand in order to see the actual impact of load on fuel consumption.
Additionally, instead of considering stochastic travelling times, it will be more appropriate
to consider stochastic distance where a speed optimiser can be implemented to generate
travelling time thereby resulting in a more obvious impact on the fuel consumption as well
as driver times.

Secondly, the advantages of employing a mixed fleet of vehicles can be studied, especially
considering alternative energy vehicles such as electric vehicles since electric vehicles have
zero direct CO2 emissions. Also, traffic congestion can also be considered which will require
the consideration time-dependent speeds in the context of alternative fuel vehicles.

Lastly, social impacts of transport activities in terms of risk of accidents or balanced routes
may be considered. For this reason, it could be interesting to study the robustness of
our approach when considering three sustainability dimensions. Therefore, in the next
chapter, a stochastic optimisation model that includes the economic, environmental and
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social dimensions with stochastic travelling times and demands is proposed. Additionally,
the Sim-BRIG-LS algorithm is implemented to solve the problem.
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Chapter 8

Sim-BRIG-LS for the SCVRPSTD-3D

8.1 Introduction

In the previous chapter, the SCVRP-2D with stochastic travelling times was proposed. In
this chapter, the Sustianbale Capacitated Vehicle Routing Problem with Stochastic Travellign
times and Demands (SCVRPSTD-3D) where the objectives are to minimise the economic,
environmental and social objectives . Specifically, the Sim-BRIG-LS previously implemented
in chapter 6 is proposed to solve the problem. These random demands and travelling time
information can have an expensive consequence on the route performance and overall costs.

a. Economic effects: The effects of traveling time uncertainty on the economic costs
affects the driver working hours and customer time windows. This impacts’ greatly on
the company’s reputation and reliability. Furthermore, the longer the driver works, the
costlier it is for a company. Additionally, government regulations may also restrict the
number of hours of work a driver can work without needing rest/breaks. In order to
build sustainable routes, it is important to account for uncertainty in vehicle travelling
times and demands.

b. Environmental effects: Concerning the impact of demand uncertainty to the envi-
ronment, an increase in fuel consumption means an increase in CO2 emissions. In-
stinctively, regardless of the road structure and vehicle properties considering that the
vehicle is a conventional vehicle, the amount of fuel consumption is assumed to be
proportional to the amount of CO2 emissions (Bektaş & Laporte, 2011).
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c. Social effects: Regarding social impacts considered in this chapter, uncertainty in
demands might lead to route failures and increase costs. Costs such as insurance risk
costs which will be affected by the total distance travelled, accident risk costs due
to driver fatigue, unbalanced/disproportionate driver working hours between drivers
also affects the company’s corporate social responsibility. This may lead to employee
disloyalty and dissatisfaction.

8.2 Contribution

The main contributions of this chapter are as follows: (i) a formal description of the
SCVRPSTD-3D and the stochastic optimisation model based on recourse strategies are
presented. This optimisation model considers random vehicle load and travelling time in
the context of sustainable logistics, and whenever a route fails, a recourse action in the
form of a return trip to the depot in case of failed demand or penalty cost incurred if the
allowed travelling time is exceeded; (ii) two route failure types and their recourse policy
are described; (iii) the Sim-BRIG-LS is implemented to generate expected travelling times,
expected demands and as a consequence, expected total cost due to route failure. Applied
within the Sim-BRIG-LS framework is the optimisation model to minimise the expected total
costs; (iv) a set of scenarios offering a combination of weights is generated and sensitivity
analysis to measure the impacts of the sustainability indicators are provided; (v) results
of the numerical experiments are described which offer insights into the relative impact
of each objective based on the selected scenario. These insights offer a clear picture or
understanding of the scenarios on the total cost, economic (fuel cost, driver cost and fixed
cost), environmental (CO2 emissions cost) and social costs (accident risk cost).

8.3 Problem description and optimisation model

This study deals with the problem of routing and scheduling of vehicles to consider the
economic, environmental as well as social costs in the presence of uncertainty. The problem
under study is to find schedules that are efficient with respect to the cost of CO2 emissions,
vehicle operating costs and accident risk cost when travelling times and customer demands
are stochastic.
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The stochasticity of travelling time and demands makes it difficult to calculate route duration
and ensure vehicle carrying capacity is not violated. If such a violation occurs, a recourse
action is applied. To determine an a-priori decision with route visiting plans, a deterministic
version of the problem is first initialised after which, the random variables are revealed. After
the revelation of the stochastic elements, recourse actions are applied for the failed routes.
Following the deterministic mathematical model, the stochastic environment for generating
the stochastic travelling times and demands is outlined. Lastly,the SCVRPSTD-3D two-stage
stochastic recourse model is provided.

The central aim of designing an efficient optimisation model is in order to get as close
enough to reality. Also, an efficient optimisation should be flexible in order to adapt to
additional variables and problem settings. In this sense, the term optimise simply means,
to find a solution or set of solutions that will give an acceptable outcome to the decision
maker (Osyczka, 1985). These types of problems are generally referred to as multi criteria
or multi performance optimisation problems. The most commonly used method for solving
multi-objective optimisation problems is through the scalar method. This simply means, to
aggregate the several conflicting objectives by assigning weights to these objectives according
to the decision maker’s preference thereby, transforming the problem into a single weighted
objective function. This is known as the weighted sum or weighted objective function.
These assigned weights have to be in linearity with the relative importance of each objective
function. The weighting factors considered in this chapter will be denoted as α1, α2, α3,
where α1 + α2 + α3 = 1 is a convex combination of objectives. For the purpose of this
thesis, these weights are generated before the optimisation procedure which is refered to as
a-posteriori process.

8.3.1 SCVRPSTD-3D recourse model

To formally define the SCVRPSTD-3D, consider a complete and undirected graph G = (N,A)

where N represents a set of nodes, including the depot.A = (i, j)i, j ∈ N, i ̸= j is a set of
arcs connecting each pair of nodes and each node i ∈ N−{0} has a non-negative demand
E[qi]. An available fleet of M homogeneous vehicles is denoted by M = (1,2, ...,m) with
load capacity Q. Each route starts and ends at the depot, and all customers’ demands must
be satisfied. Each arc (i, j) is characterised by a symmetric traveling distance (di j) and an
expected traveling time E[ti j]. Furthermore, it is assumed that the amount of load carried
by each vehicle and the distance travelled by that vehicle represents a risk related to traffic
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accidents. For each route, this risk is higher for vehicles that carry heavier loads and travel
longer distances. Furthermore, each vehicle emits a certain amount of CO2 that incurs cost
on traversal of an arc. These impacts differ with respect to their estimations, some of which
are related to the traveling distance and time. However, social impacts tend to be a subjective
measure because they are intangible issues. The SCVRPSTD-3D is formulated as an integer
linear program with a weighted objective function and the notations and parameters are
provided in Table 8.1.

Note that, for this problem, traveling times associated with each route and the demand
associated with each node are assumed to be probabilistic. Below is the description of the
two-stage recourse model. The first-stage is to determine an a-priori decision with route
visiting plans before the random variables are revealed. After the random variables have
been revealed, the second stage approach applies a recourse/corrective action if there are any
route failures.

A. First stage model

To present the first stage model,detrministic a-priori routes are generated. The sus-
tainability dimensions are denoted as z1, z2 and z3 which represent the economic,
environmental and social dimensions respectively. These dimensions are calculated by
the following formulations:

z1 = ∑
j∈Nc

∑
M∈m

FC · x0 jm + ∑
(i, j)∈A

∑
m∈M

Cd · ti j · xi jm + ∑
(i, j)∈A

∑
M∈m

C f · f jm (8.1)

f jm = ∑
i∈N

di j · kpl · xi jm ∀ j ∈ N,m ∈M (8.2)

Equation 8.1 represents the economic dimension which sums together the vehicle
fixed and variable costs. The fixed cost (FC) includes depreciation, repairing and
maintenance of vehicles. The variable cost is the driver costs (Cd), which depends on
the total traveling time of routes and the fuel cost (C f ) based on the fuel consumption
( f jm). The fuel consumption is estimated as suggested in Kuo (2010) and Zhang et al.
(2015) (Equation 8.2), where kpl represents the fuel consumption per unit of distance.

z2 = ∑
(i, j)∈A

∑
m∈M

Ce ·di j · γ (8.3)
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Equation 8.3 computes z2, which refers to the environmental dimension. This relates to
the CO2 emissions generated per unit of distance travelled where γ is an activity based
emission factor (Maja Piecyk, 2010). This is typically measured as the CO2 emissions
generated over the distance travelled. These emissions are monetized by the fuel price
(Ce). This equation is a simplified version of that proposed by Kuo (2010) and Zhang
et al. (2015).

z3 = ∑
(i, j)∈A

∑
m∈M

a ·di j · yi jm (8.4)

Lastly, Equation 8.4 computes the accident risk cost associated with the load and
distance travelled per arc. This risk varies according to the load of the vehicle as it
traverses an edge and the total distance the vehicle travels which is a factor of the risk
cost a.

Considering the definition of the three dimensions, a weighted objective is defined in
Equation 8.5. This is defined as a holistic approach combining multiple criteria based
on the sustainability dimensions. The associated weight αs of each dimension zs is
given as: 0 ≤ αs ≤ 1 and ∑

3
s=1 αs = 1.

Min α1 · z1 +α2 · z2 +α3 · z3 (8.5)

The constraints, which are based on Erdoğan and Miller-Hooks (2012), are described
next. Equations 8.6 and 8.7 ensure that each customer is visited exactly once. The
flow conservation is introduced by Equation 8.8. Equation 8.9 guarantees that the total
demand serviced by a vehicle does not exceed its capacity. Equation 8.10 imposes that
each vehicle can leave the depot at most once. Equation 8.11 defines the state of a
vehicle’s fuel amount after visiting a customer. Equation 8.12 guarantees that there will
be enough remaining fuel to return to the depot from any customer location. Equation
8.13 states that the load in the vehicle arriving at customer j minus the demand of
that customer equals to the load in the vehicle after serving it. Equations 8.14 and
8.15 set lower and upper bounds for the load of vehicle m when traversing the arc
(i, j). Equation 8.16 avoids sub-tours, where U jm is an auxiliary variable and |Nc| is
the number of customers. Finally, Equations 8.17 to 8.20 define variable domains.
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∑
j∈N

∑
m∈M

xi jm = 1 ∀ i ∈ Nc (8.6)

∑
i∈N

∑
m∈M

xi jm = 1 ∀ j ∈ Nc (8.7)

∑
j∈N

xi jm = ∑
j∈N

x jim ∀ i ∈ Nc, m ∈M (8.8)

yi jm ≤ Q ∀ (i, j) ∈ A,m ∈M (8.9)

∑
j∈Nc

x0 jm ≤ 1 ∀ m ∈M (8.10)

f jm ≤ fim−
di j

kpl
· xi jm + f0m · (1− xi jm) ∀ i ∈ N, j ∈ Nc,m ∈M (8.11)

f jm ≥
di j

kpl
· xi jm ∀ i ∈ N, j ∈ Nc,m ∈M (8.12)

∑
i∈N

y jim = ∑
i∈N

yi jm−∑
i∈N

q j · x jim ∀ j ∈ Nc,m ∈M (8.13)

yi jm ≤ (Q−qi) · xi jm ∀ (i, j) ∈ A,m ∈M (8.14)

yi jm ≥ q j · xi jm ∀ (i, j) ∈ A,m ∈M (8.15)

Uim−U jm + |Nc| · xi jm ≤ |Nc|−1 ∀ i, j ∈ Nc,m ∈M (8.16)

xi jm ∈ {0,1} ∀ (i, j) ∈ A,m ∈M (8.17)

yi jm ≥ 0 ∀ (i, j) ∈ A,m ∈M (8.18)

fim ≥ 0 ∀ i ∈ N,m ∈M (8.19)

Uim ≥ 0 ∀ i ∈ Nc,m ∈M (8.20)
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Table 8.1 Sets, parameters and variables.

Sets
N Set of all nodes
A Set of arcs connecting nodes
Nc Set of customers
M Set of vehicles
i Index of origin nodes
j Index of destination nodes
m Index of vehicles
s Index of sustainability dimension

Parameters
qi Demand of node i

di j Distance of the arc (i, j)

ti j Travelling time of the arc (i, j)

Ttime Total travelling time of a route
Tmax Maximum allowed travelling time
Q Vehicle capacity
Cd Driver costs
FC Vehicle fixed cost
kpl Fuel consumption rate
C f Fuel price
Ce Emission price
a Cost of the risk for a heavy vehicle
γ Conversion factor from traveling distance to amount of CO2 emissions
αs Weight of the indicator s

Variables
xi jm Binary variable: 1 if arc (i, j) is traversed by vehicle m, 0 otherwise
yi jm Integer variable: load on arc (i, j) when is traversed by vehicle m

f jm Continuous variable: remaining tank fuel of vehicle m when arrives at node j

zs Continuous variable: impact on the indicator s

U jm Auxiliary variable to eliminate sub-tours

B. Second stage model

Following the first stage decisions, the second stage model considers stochastic demands
and travelling times as random variables following specific probability distributions (either
theoretical or empirical ones). In practice, the actual demands of customers and travelling
times are revealed only upon vehicle arrival at the customer location. When a vehicle follows
an a-priori plan, (i) the actual total demand realised in a route may exceed the vehicle capacity
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thereby, (ii) the actual travelling time of a route may exceed the total maximum allowed
working duration, and then a route failure occurs. In the event of such failure, some recourse
actions are taken and the original plan is updated. The incurred extra cost for the recourse
action (i.e., route failure/penalty cost) is equal to the travel cost of moving back and forth
between the failure point and the depot and any penalty costs that may be incurred as a result
of overtime hours. Thus, the objective of the SCVRPSTD-3D is to minimise the sum of the
travel cost and expected route failure cost. To compute the actual sustainability impacts in a
stochastic environment, z∗1, z∗2 and z∗3 represent the expected economic, environmental and
social impacts respectively Equations 8.1, 8.3 and 8.4 is rewritten as:

z∗1 = z1d + z1 f (8.21)

z1d =

cd ·Ttime if Ttime ≤ Tmax

Ttime · cd +λ (Tmax−Ttime) otherwise
(8.22)

z1 f =

c f ·Fuelc if Tdemand ≤ Q

c f ·Fuelc +Fuel∗c otherwise
(8.23)

In the second stage, the Economic dimension is represnted in Equation 8.21. If the total work-
ing hours of a route exceeds the maximum allowed hours, penalties are incurred (Equation
8.22). The z1d component of the economic impact computes the total driver remuneration.
In fact, real world actual traveling times of a route may not be known due to several factors
such as traffic conditions and weather condition. When an a-priori route plan is generated,
MCS is applied, only then is the real travelling time and demand for an arc is revealed which
is referred to as the expected travelling time of an arc E[ti j]

r = ti j. If Ttime > Tmax, then, a
penalty λ is incurred per unit of excess duration er. For this problem, it is assumed that Tmax

is the upper bound duration a driver can work without exceeding the legal limit in any 24
hour period. Additionally, it is assumed that no driver break time, waiting time or stopping
time for the duration of the working time.

Similarly, Equation 8.23 computes the total fuel consumption which is directly affected by
the travelled distance. When the actual demands of customers is revealed, and if the actual
total revealed demand (Tdemand) exceeds the vehicle capacity, a route failure occurs. In the
event of such failure, a recourse action is taken and the original plan is updated. The incurred
extra cost for the recourse action (i.e., additional fuel consumption) is equal to the fuel cost
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of moving back and forth between the failure point and the depot. This additional cost is here
regarded as the fuel cost of the extra distance travelled Fuel∗c .

z∗2 =

ce ·CO2 if Tdemand ≤ Q

ce ·CO2 +CO∗2 otherwise
(8.24)

Equation 8.24 computes the CO2 emissions generated before the realisation of actual total
demand. However, when a failure occurs, the vehicle has to travel back to the depot to refill
and fulfil unmet demands which generates additional emissions (CO∗2 ) This follows a similar
idea as Equation 8.23.

z∗3 =

a ·wkm if Tdemand ≤ Q

a ·wkm +w∗km otherwise
(8.25)

Finally, Equation 8.25 computes the accident risk impact which is also referred to as the
social component of the objective function. w∗km is the additional load weight of a vehicle
per kilometre. Based on Equations 8.21- 8.25, the objective of the recourse model for the
SCVRPSTD-3D is to design a first stage solution to minimise the total expected costs of the
second stage solution Given a feasible set of routes and a set of travel times and customer
demands arising from their measure spaces, the SCVRPSTD-3D second stage stochastic
recourse model is presented in Equation 8.26.

Min α1 · z∗1 +α2 · z∗2 +α3 · z∗3 (8.26)

Subject to:

er ≥ 0 (8.27)

and
8.6 - 8.20.

Thus, in the two-stage model, the first stage generates an initial feasible set of route and
the second stage minimises the expected optimisation costs. The total transportation costs
from a sustainability view is presented in Equation 8.26 is the costs of the first-stage solution,
and the expected correction costs of route failure. More precisely, they are made up of the
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following components: the fixed costs of employing M vehicles, total expected fuel costs,
total expected driver’s remuneration, the expected emissions costs and the expected accident
risk cost.

8.4 Sim-BRIG-LS solution approach

8.4.1 Failure types and policies

When a restriction is violated, it is called a route failure and it is assigned a penalty. There are
two types of route failures: (i) the remaining load of a vehicle is not sufficient to satisfy the
demand of the customer being visited; (ii) a driver has completed the maximum number of
working hours. Corrective policies to tackle route failures are applied only after a route fails
although other policies may be applied (preventive). In most cases, the corrective policies
are quiet expensive as they allow a failure to occur while preventive policies tend to tackle
anticipated failures. Below, a description the corrective policies for different possible failure
types is outlined:

1. The remaining load of a vehicle is not enough to satisfy the customer being visited:
In this case, the corrective policy requires the vehicle to go back to the depot for
reloading.

2. A driver has completed the maximum number of working hours: The corrective policy
applied here requires that the driver returns to the depot after serving the current
customer, if the failure happens while visiting one, or the next customer, otherwise.
Moreover, a new driver is assigned (using the same vehicle) to resume that route. This
policy ends to be expensive, for this reason, it is preferred for the driver complete the
route which will incur penalty costs associated with overtime driven hours.

As earlier mention, our proposed approach to solve the SCVRPSTD-3D consists of the
hybridisation of an IG-LS algorithm, the BR-CWS and Monte-Carlo simulation. This
technique will be referred to as Sim-BRIG-LS.

8.4.2 Proposed Sim-BRIG-LS for the SCVRPSTD-3D

According to Juan et al. (2015a),it is assumed that high quality feasible solutions for the
deterministic problem are possibly also high quality solutions for the stochastic version of
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the problem taking into account low to moderate variability or uncertainty. According, it
is possible to consider the probabilistic scenario by replacing the deterministic values with
their expected values. After this, the expected values of travelling times and demands for the
SCVRPSTD-3D is estimated by employing the MCS technique. Thus, an iterative process is
started in the current solution space where; the expected values are estimated to simulate the
stochastic scenario and the solutions representative of the stochastic scenarios are generated.
The MCS phase will be repeatedly run for the required number of times to obtain reliable
estimations. This is shown in flowchart Fig. 8.1. Thus, the Sim-BRIG-LS algorithm process
is as follows:

1. Consider a SCVRPSTD-3D instance defined by a solution s, a set of routes R, a set
of vertices V connecting a route r ∈ R with each vertex v ∈V having a travelling time
ti j that’s follows a known probability distribution with an existing mean E[ti j] and
expected customer demand E[qi].

2. Consider the driver working time upper bound β

3. Generate an initial schedule of vehicle routes using the BR-CWS as described in
Chapter 3. This new schedule is considered as the new initial solution (baseSol) for
the SCVRPSTD-3D with deterministic demand and traveling times. This baseSol

is considered as the fixed cost Cb of the SCVRPSTD-3D where there are no route
failures. In the instance where costs are incurred because of corrective actions, the
stochastic cost Cs of the SCVRPSTD-3D is the recourse cost incurred. Consequently,
the expected total cost of the SCVRPSTD-3D is Ct =Cb +Cs.

4. Apply local search to improve the baseSol.

5. Stored baseSol as the best solution found so far (bestSol). The bestSol is added to a
list (bestStochSolList) of best stochastic solutions (BSSs).

6. Apply MCS (short simulation run) baseSol in order to obtain the estimates for the
expected values of the traveling times and consequently, the expected solution as a
result of any failed routes incurring penalty costs. The expected total costs of the
solution for the SCVRPSTD-3D is: Note that, this short simulation is only applied to
the bestSol in the bestStochSolList.

7. Start an iterative process: employ the BRIG-LS algorithm to iteratively improve the
best stochastic solution bestSol obtained until the stopping condition is reached. The
BRIG-LS algorithm, follows these steps:
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(a) Start with the bestSol from the bestStochSolList and iteratively performs destruc-
tion and construction processes to generate a new solution (newSol).

(b) Apply Local search to newSol

(c) Apply the acceptance criterion (compare the resulting newSol against the current
solution bestSol) 6. A new iteration is started until maxTime is reached.

8. Apply MCS (Long simulation run) for the bestSol from the bestStochSolList in order
to generate more accurate estimations of the expected values of the stochastic solutions.

9. Return bestSol.
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Figure 8.1 Flowchart of the Sim-BRIG-LS for the SCVRPSTD-3D.
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8.5 Computational experiments

In this section, the behaviour of the optimisation model is analysed. First, a clear description
of the experimental setting is provided. Next, a set of scenarios using a combination of
weights is presented and sensitivity analysis is conducted to measure the impacts of the
weight combination on the problem dimensions. Results of the computational experiments to
show relative impact of each objective based on the selected scenario are presented. These
insights offer a clear picture or understanding of the scenarios on the total cost, economic
(fuel cost, driver cost and fixed cost), environmental (CO2 emissions cost) and social costs
(accident risk cost).

8.5.1 Experimental setting and results

The algorithm was coded in JAVA programming language, and all tests were run on a
computer with a Core i5, 2.30 GHz processor and 4 GB of RAM. The BRIG-LS algorithm
parameters in used for the experiments follow the parameters provided in Chapter 6 and all
computational experiments were ran for 100 seconds. Additionally, the same test instances
described in Chapter 6 were tested.

– Probability distribution and scenarios generation

The Log-Normal distribution has a scalar parameter σ i j and a location parameter µi j which
are presented in Equations 8.28 and 8.29 for computing the expected travelling times, and
the same formulation holds for generating expected demand values.

µ(ti j) = ln(E[ti j])−
1
2
· ln

(
1+

Var[ti j]

E[ti j]
2

)
(8.28)

σ(ti j) =

∣∣∣∣∣∣
√√√√ln

(
1+

Var[ti j]

E[ti j]
2

)∣∣∣∣∣∣ (8.29)

To conduct some sensitivity analysis, scenarios Chapter 6 generated by the Revised Weight
Sensitivity algorithm (Jones, 2011) are selected. Particularly, for the experiments, the seven
different scenarios are presented in table 8.2. Each scenario is represented by its combination
of weights. A set of scenarios (S) represented as Si, i = 1,2, ...,9. The weights (1, 0, 0), (0, 1,
0) and (0, 0, 1), are assigned in order to obtain the lower bounds for each individual objective.
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Table 8.2 Table of scenarios for sensitivity analysis(SCVRPSTD-3D)

Weights(%)

Scenario α1 α2 α3

Economic 1.00 0.00 0.00

Environmental 0.00 1.00 0.00

Social 0.00 0.00 1.00

S1 0.33 0.33 0.33

S2 0.50 0.25 0.25

S3 0.25 0.50 0.25

S4 0.375 0.375 0.25

S5 0.25 0.375 0.375

S6 0.375 0.275 0.375

S7 0.42 0.29 0.29

S8 0.29 0.42 0.29

S9 0.29 0.29 0.42

8.5.2 Sensitivity analysis

A sensitivity analysis is done for the weight parameter on the different dimensions in the
optimisation model. As highlighted earlier, this is one of the main contributions of our
proposed weighted sum multi-objective optimisation model. The scenarios generated for the
sensitivity analysis are described as follows.

Economic represents the traditional objective where economic dimension is the main op-
timisation criteria. This scenario assigns 100% of importance to the economic dimension,
while the remaining dimensions are assigned 0% importance. Environmental represents
the green dimension where the environmental impact is the only important dimension with
an importance weights of 100%. Social represents the abstract scenario where the social
dimension is the main optimisation criteria. Lastly, scenarios S1 to S9 represent the different
combination of weights assigned to the problem dimensions. Subsections 8.5.2.1 to 8.5.2.3,
focuses on how low travel time and demand uncertainty impact on driver cost, CO2 emissions
and accident risk costs. More precisely, uncertainty level for demand is set as 0.05E[qi] and
0.10E[ti j] for travelling time for all the experiments.
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8.5.2.1 Comparative analysis of expected total cost on individual dimension impor-
tance

Table 8.3 summarises the solutions performance under different individual dimension impor-
tance. The first row represents the instance name, rows 2-4 represent the three dimension
total expected cost when they are individually assigned 100% importance weight. Finally,
rows 5-7 represent the gaps between the solutions of the three objectives. To be specific,
each dimension solution when it is assigned 100% importance is shown. For the evaluation
of the solution quality, positive values (gaps) represent cost increase while negative gaps
indicate a cost decrease. As observed, when economic dimension is the only important
objective, there is an average expected total cost reduction of 1.8% compared to when the
environmental dimension is the only important objective. Additionally, comparing the results
obtain when the social dimension is the only important dimension, this obtains a solution
7.04% more expensive than the economic solution and 5.20% more expensive than assigning
only importance to the environmental solution.
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Table 8.3 Comparative analysis of results for individual dimension importance with travelling
time and demand uncertainty.

Instance
Economic

(a)
Environmental

(b)
Social

(c)
%Gap
(a)-(b)

%Gap
(a)-(c)

%Gap
(b)-(c)

A-n32-k5 535.68 532.40 550.31 0.62 -2.66 -3.26
A-n33-k5 506.95 507.50 509.36 -0.11 -0.47 -0.36
A-n33-k6 588.62 590.87 665.04 -0.38 -11.49 -11.15
A-n34-k5 533.67 532.19 602.06 0.28 -11.36 -11.60
A-n36-k5 545.93 541.06 553.41 0.90 -1.35 -2.23
A-n37-k5 501.89 500.99 515.15 0.18 -2.57 -2.75
A-n37-k6 641.70 646.60 720.70 -0.76 -10.96 -10.28
A-n38-k5 524.05 526.41 598.34 -0.45 -12.42 -12.02
A-n39-k5 544.52 542.76 641.96 0.33 -15.18 -15.45
A-n39-k6 610.85 616.84 620.77 -0.97 -1.60 -0.63
A-n44-k6 646.13 642.60 732.40 0.55 -11.78 -12.26
A-n45-k6 645.33 718.28 738.99 -10.16 -12.67 -2.80
A-n45-k7 769.06 774.92 860.68 -0.76 -10.64 -9.96
A-n46-k7 710.71 705.10 784.22 0.80 -9.37 -10.09
A-n48-k7 752.16 752.46 757.06 -0.04 -0.65 -0.61
A-n53-k7 727.81 732.09 821.12 -0.58 -11.36 -10.84
A-n54-k7 795.93 842.52 856.03 -5.53 -7.02 -1.58
A-n55-k9 879.31 953.22 1065.81 -7.75 -17.50 -10.56
A-n60-k9 956.10 967.25 988.43 -1.15 -3.27 -2.14
A-n61-k9 895.25 942.80 1035.96 -5.04 -13.58 -8.99
A-n62-k8 871.60 955.77 893.00 -8.81 -2.40 7.03

A-n63-k10 1040.44 1087.55 1117.79 -4.33 -6.92 -2.71
A-n63-k9 1016.04 1117.03 1124.69 -9.04 -9.66 -0.68
A-n64-k9 975.56 992.92 1015.15 -1.75 -3.90 -2.19
A-n65-k9 910.54 979.48 991.72 -7.04 -8.19 -1.23
A-n69-k9 906.38 915.52 982.26 -1.00 -7.72 -6.79

A-n80-k10 1162.24 1171.11 1268.90 -0.76 -8.41 -7.71
B-n31-k5 508.79 510.78 515.87 -0.39 -1.37 -0.99
B-n34-k5 540.31 542.23 553.47 -0.35 -2.38 -2.03
B-n38-k6 612.07 616.83 688.03 -0.77 -11.04 -10.35
B-n41-k6 621.21 622.96 693.19 -0.28 -10.38 -10.13
B-n43-k6 596.83 594.69 592.94 0.36 0.66 0.29
B-n44-k7 707.59 714.70 812.47 -0.99 -12.91 -12.03
B-n45-k5 526.76 529.30 598.72 -0.48 -12.02 -11.59
B-n45-k6 597.89 590.48 664.78 1.25 -10.06 -11.18
B-n50-k7 660.55 661.70 665.88 -0.17 -0.80 -0.63
B-n50-k8 874.19 884.94 903.36 -1.21 -3.23 -2.04
B-n57-k9 1029.30 1041.15 1059.45 -1.14 -2.85 -1.73
B-n63-k10 1094.82 1086.34 1107.93 0.78 -1.18 -1.95
B-n64-k9 835.63 902.61 917.70 -7.42 -8.94 -1.64
B-n66-k9 955.01 1026.10 1045.78 -6.93 -8.68 -1.88
B-n67-k10 953.32 958.80 959.90 -0.57 -0.69 -0.12
B-n68-k9 943.48 943.20 958.50 0.03 -1.57 -1.60

Average 750.05 767.79 808.12 -1.89 -7.04 -5.20
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Notice that, the assigning 100% importance weight to the social objective does not obtain
solutions cheaper than when the economic or environmental are the only important objectives.

8.5.2.2 Cost impact of travelling time and demand uncertainty under different sce-
narios

Table 6.7 and Fig.8.2 summarise the performance of the weighted objective recourse model
under different scenarios. The first four columns of Table 8.4 represent the different scenarios
and weights according to Table 8.2. Here, α1 refers to the weight assigned to the economic
objective, α2 is the environmental objective weight and α3 is the weight for the social
objective. Each row shows the scenario, it combination of weights assigned to the objectives
as modelled in the objective function and the cost obtained for each objective with the
assigned weight. Recall that these costs are presented as z1,z2,z3 and z∗ for economic,
environmental, social and the total cost of the objectives respectively without recourse costs.

Table 8.4 Performance under different scenarios.

Weights (%) cost(£)

Scenario α1 α2 α3 z1 z2 z3 z∗

Economic 1.00 0.00 0.00 688.14 15.37 24.30 727.81
Environmental 0.00 1.00 0.00 705.34 15.39 24.21 744.95

Social 0.00 0.00 1.00 753.78 17.08 20.16 791.01
S1 0.33 0.33 0.33 689.03 15.42 23.38 727.83
S2 0.50 0.25 0.25 690.54 15.52 22.97 729.04
S3 0.25 0.50 0.25 689.41 15.45 23.01 727.87
S4 0.375 0.375 0.25 690.68 15.55 22.97 729.20
S5 0.25 0.375 0.375 689.07 15.43 22.61 727.12
S6 0.375 0.275 0.375 689.77 15.47 22.43 727.67
S7 0.42 0.29 0.29 689.91 15.49 23.02 728.41

When the economic dimension is the most important, this shows the overall average minimum
economic cost. In contrast, the average increase of 8.7% in the economic cost is when the
social dimension is the only important objective. An average total cost reduction can
obtained when some importance is assigned to all three dimensions. This cost reduction
can be up to 0.10%. According to this analysis, it can be observed that, in the presence
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of stochastic information, assigning some weights to the problem dimensions drives the
algorithm behaviour to minimise route failures.

Figure 8.2 Average total costs for all Scenarios.

8.5.2.3 Analysis of routes, distance and recourse cost under different scenarios with
low travelling time and demand uncertainty

Table 8.5, provides the average results over all tested instances in terms of total distance
travelled, the number of routes and recourse costs. Shown in the first row are the tested
scenarios. Rows 2-6, provide the average information for distance, travelling time, recourse
action cost, expected total cost and the number of routes. From table 8.5, a trade-off can be
observed between these components of each scenario’s solution.

The consideration of different importance weights on each dimension allows estimating the
impact of uncertainty on the components and on the solution and the trade-offs as a result of
their assigned weights. The scenario that reached the shorted route (travelling time) is when
the economic dimension is the only important objective while, the least expensive recourse
cost is realised by when the social dimension is the only important objective. However, the
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social solution with the least expensive recourse cost is at the expense of more route. This
means that, the social solution uses 8.05% more vehicle than the economic solution. This
implies that, the social solution will be more expensive in the global solution due to using
more vehicle and paying more drivers.

Table 8.5 Routes, distance and recourse cost under different scenarios and low travelling
time and demand uncertainty.

Scenario Distance Time
Recourse

costs
E Totalcost Routes

Economic 1052.61 11.84 22.24 750.05 7.16
Environmental 1054.37 11.97 22.84 767.79 7.40

Social 1169.66 13.21 17.11 808.12 7.79
S1 1056.16 11.90 22.12 749.95 7.16
S2 1063.22 11.99 21.34 750.38 7.16
S3 1058.40 11.92 21.31 749.18 7.16
S4 1064.88 11.99 21.46 750.66 7.16
S5 1057.12 11.89 20.38 747.50 7.16
S6 1059.29 11.95 20.82 748.49 7.16
S7 1060.79 11.95 21.42 749.84 7.16

Another interesting thing to notice is the expected total cost of S5. Although this scenarios
provides the least expensive expected total cost, it is 0.16% more expensive in terms of the
economic cost. Nonetheless, it shows a balanced solution that is economical, environmen-
tally friendly and social acceptable in comparison to the other scenarios. This shows that
sustainable solutions can be obtained with very limited increase in the economic cost.

8.6 Conclusion

In this chapter,the SCVRP-3D proposed in chapter 7 was extended to consider stochas-
tic travelling times and demands, and the Sim-BRIG-LS approach was implemented. A
comprehensive set of experiments to compute expected values based on the log-normal
distribution and present a sensitivity analysis of weights to compare the effect of setting
different weights for the three of dimensions and the impacts of travelling time and demand
uncertainty. The results of this sensitivity analysis is beneficial to evaluate the validity of
the model based on various scenarios of objective function coefficients and will enable the
decision-maker to assess solutions under particular interests regarding the sustainability
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indicators and uncertain information. Several lines of future research stem from this work.
(1) more applicable social dimensions can be considered (e.g., driver working duration).
(2) chance constraint techniques can be applied to deal with travelling time and demand
uncertainty. Also, using preference information from decision maker, goal programming
approaches can be implement with set achievement levels. (3) the application of this model
will be interesting with real-world problem data.
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Chapter 9

Conclusion and Future Work

In this thesis, analysis and investigation of vehicle routing problems with capacity restrictions
and sustainability issues is given. Different optimisation models for deterministic and
stochastic problems has been developed. In particular, the three models that consider multiple
sustainability dimensions are: (i) A deterministic model for the CVRP with economic,
environmental and social sustainability impacts; (ii) recourse model for CVRPTW with
economic and environmental impacts and stochastic travel times; and (iii) A recourse model
for CVRP with economic, environmental and social sustainability impacts and stochastic
travel times and demand. Additionally, some solution methods to deal with the deterministic
and stochastic versions of the problems have been proposed and implemented. A general
overview of the research problem is given in Section 9.1 and details of the main contributions
in this thesis are summarised in Section 9.2. Section 9.3 acknowledges and describes some
of the limitations of this research and highlights future research areas. Lastly, in Section 9.4,
a list of some scientific and academic contributions derived from this research is reported.

This final chapter highlights the main findings in each of the main implementation chapters,
limitations of the implemented methodologies and provides areas of future research.

9.1 Overview

According to literature, freight distribution studies that consider all the three sustainability
objectives which are required to provide a path to sustainable transportation activities are
scarce. The key idea behind sustainability consideration is in order to provide a practical
alignment of optimisation objectives to take into account long term sustainable development
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goals. By definition, sustainable VRP aims to minimise the economic, environmental and
social impacts of logistics operations in the long term. For this reason, it may seem reasonable
to also consider uncertainties that may arise in some realistic transportation problems. This
is especially true when considering customer demands and other factors such as travelling
times. Regarding travelling time information, factors such as traffic conditions or weather
conditions may affect the actual travelling times which will have an impact on the total
transportation cost.

Economic and environmental dimensions of sustainability are more researched in the liter-
ature compared to social dimension in the context of urban freight distribution problems.
In the context of supply chain network design, Eskandarpour et al. (2015) stated that there
is the need to consider economic, environmental and social issues. They also added that
incorporating social impacts into a mathematical model is challenging because they are
intangible effects; thus, that makes them difficult to measure. In this line, accident risk cost
have been considered as a social impact which is a factor of vehicle load weight and the
distance travelled. Accidents cause pain to victims therefore, their risk should be accounted
for by logistics and transport operators.

9.2 Research findings and original contributions

In this section, a summary of the main findings and contribution to scientific knowledge are
presented.

Firstly, in Chapter 2, a critical review of and methodological advances in the CVRP lit-
erature with emphasis on sustainability issues is conducted. Findings from the literature
review suggest that there is an increasing number of studies on VRP with economic and
environmental sustainability objectives however, only a few works study the social impacts of
freight distribution problems and an even smaller number consider all the three sustainability
objectives. In contrast, real-life distribution problems are characterised by socio-economic as
well as environmental impacts. Additionally, real-life logistics and transportation problems
generally have some degree of uncertainty in general. Based on these findings, a series of
original contributions are proposed and shown in the implementation chapters.

In Chapter 3, a randomised Clarke and Wright Savings heuristic and a local search method
to solve the sustainable CVRP with economic and environmental objectives is proposed. For
the environmental objective, it has been assumed that fuel consumption is proportional to
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CO2 emissions therefore, minimising fuel consumption implies minimising CO2 emissions.
In terms of the economic objective, driver costs is the only considered impact and driver
costs is a factor of travelling times. To generate travelling times, a departure time and speed
optimisation technique is implemented. Computational experiments with instances from
Bektaş and Laporte (2011) reported that our approach can be up to 2.7% more expensive
than the BKS in the literature. However, with this approach, one new BKS for the UK200-02
instance with an improvement of 0.1% is found. In addition, it was observed that, as the
problem size increases, the total costs become more expensive. For this reason, the IG with
local search method is proposed in the next Chapter to investigate the potential of solving
large instances.

In Chapter 4, the IG heuristic enhanced with a local search is proposed. The IG heuristic has
been proven to to be successful in solving flow-shop problems. Although the IG heuristic
has been proving to be efficient for solving scheduling problems, it is not commonly seen in
VRP studies hence, our choice of this heuristic. An initial solution is generated by the CWS
heuristic and the IG local search is applied to the solution in the improvement phase. Results
of the experiments illustrated that the IG-local search improved on the solutions obtained
by the methodology implemented in Chapter 3 for all the tested instances. Nonetheless, it
reported more expensive solutions than the BKS in terms of total costs. For instance, in the
UK100 instances,average worse solutions of 1.8% are reported.

The hybridisation of IG and other solution methodologies have shown promising results for
COPs. For this reason, in Chapter 5 a hybridisation of the randomised CWS implemented in
Chapter 3 and the IG method implemented in Chapter 4 is proposed and implemented. The
hybridised algorithm also implements the DSO and local search. Experiment results show
extensive improvements from the previously implemented methods. In addition, cheaper
solutions are reported compared to the BKS in the literature which provides new BKSs.
In particular, 13, 13, 8 and 13 BKSs are found for the UK10, UK50, UK100 and UK200
instances respectively. Nevertheless, the proposed IG-local search approach reported more
expensive solutions in driver costs. This can be as high as 5.7% on average for the UK100
instances.

Inspired by the efficiency of the hybridised randomised IG, in Chapter 6,a "rich" CVRP opti-
misation model with three sustainability objectives is developed. The objectives considered
are economic(driver costs, fixed costs and fuel costs), environmental(CO2 emissions cost)
and social(accident risk cost). A key contribution in this chapter is the development of a
weighted optimisation model rather than a simple aggregation of the objectives. In this way,
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two sets of sensitivity analysis to measure trade-offs that may occur as a result of having
multiple objective are proposed and implemented. Computational experiments show that
considering all three objectives can offer savings of up to 0.4% of the total costs as opposed
to considering only the traditional objective (economic).

The main contributions in Chapter 7 are that firstly, a recourse optimisation model for the
CVRPST with economic and environmental objectives is developed. Secondly, a hybrid
randomised IG-local search with MCS is designed and implemented. This method relies
on the BRCWS solution method implemented in Chapter 3 to generate an initial solution.
An adaptation of the IG-local search implemented in Chapter 4 is proposed to solve a first
stage problem. In the first stage, a set of routes are generated to obtain travelling time
values and then MCS applied to generate expected travelling times and expected total costs.A
deterministic case is solved where no estimates of expected travelling times are available,
then a stochastic case that obtains estimated of expected travelling times and expected total
costs during the optimisation is solved. Results show that it is beneficial to generate estimates
of travelling time that may lead to an overall reduction in route failures and expected total
costs. The objective function is to minimise the expected total cost defined as the economic
cost (driver costs) and environmental cost (fuel cost). To the best of our knowledge, there
is no other work that; (i) proposes a recourse model to solve the CVRPST with economic,
environmental, departure time and speed considerations; (ii) proposes a hybridisation of the
randomised IG-local search with MCS technique to solve this problem.

Finally, in Chapter 8, a weighted recourse model that considers economic, environmental
and social objectives in the presence of stochastic travelling times and demands is developed.
Two failure types and their corrective actions are described. First, if a route’s total duration
exceeds the maximum allowed time, then that route incurs a penalty which is the cost of
driver overtime. The second failure type might be that the available vehicle capacity is not
enough to serve the remaining customers on the re-designed route. In the case that this failure
occurs, the recourse action will be a return trip to the depot to replenish capacity and resume
the route from the failed customer node. The hybrid randomised IG-local search with MCS
is implemented to solve the problem and an extensive set experiments for the model with
sensitivity analysis is conducted.The two sets of instances used for our experiments have
different network configurations (clustered and random). Experiment results show that the
model is highly sensitive to the type of network.
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9.3 Research limitations and recommendations for future
research

In this thesis, some limitations and drawbacks are noted.

In the CVRP with economic and environmental considerations, it has been assumed that
fuel consumption is an adequate measure for CO2 emissions (Demir et al., 2012) which is
separate from economic cost. In practice, economic costs of freight distribution comprises of
fixed costs and variables costs, variable costs include fuel costs and are not limited to driver
costs only. It has also been assumed that driving speed between routes can be controlled
in a micro level, but in practice driver compliance with speed control is a difficult task.
Notwithstanding, research advances have now offer the possibility of influencing driver speed
behaviour. The availability of an in-vehicle monitoring device can warn the driver of speed
violations (Hjälmdahl and Várhelyi, 2004).

Chapter 7 assumes that speed does not have an impact on the generation of expected travelling
times. On the contrary, the actual behaviour of travelling time is dependent on several factors
such as traffic conditions or weather condition or speed regulations. In order to recognise
the actual impact of travelling time uncertainty on the environment, travelling speed can be
simulated to represent different travelling conditions for instance, different speed levels can
be considered for congestion and free-flow travel regions (Eshtehadi et al., 2017).

In this thesis, only a homogeneous vehicle were considered, hence, there are several possible
extensions. Firstly, a mixed fleet of vehicles can be studied, especially considering alternative
energy vehicles such as electric vehicles. Secondly, traffic congestion can also be considered
which will require the consideration time-dependent speeds in the context of alternative fuel
vehicles.

Additionally, social impacts of transport activities in terms of risk of accidents or balanced
routes may be considered. For that reason, it could be interesting to study the robustness of
our approach when additional problem dimensions are introduced.

When faced with multiple and often conflicting objectives, generating a frontier of all
Pareto efficient solutions would be interesting however, computationally expensive. A more
pragmatic approach would be to use goal programming. This will allow stakeholders to
set target levels for each objective/criteria. This will also allow a range of underlying
philosophies to be combined. In terms of social objectives, chebyshev goal programming
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includes the concept of balance. This is useful for incorporating driver workload balance and
balance between the economic, environmental and social dimensions.

The sustainable CVRP only focuses on routing problems. Other integrated problems such as
the Location Routing Problem can be considered. It could be also interesting to extend the
methods proposed in this thesis to solve other optimisation problems such as ship routing
problems, container stowage problem and knapsack problems.

9.3.1 Practical application

Our algorithms and solution methods will be interesting in the context of Decision Support
Systems (DSS) to solve real-world distribution problems in areas such as waste collection and
recycling problems.These types of technologies could be used to support decision making for
vehicle planners and in recent times, it offers innovative solution to drivers on an individual
basis (Rincon-Garcia et al., 2018). In this case, the developed models and solution methods
implemented Currently, the Centre for Operational Research and Logistics (CORL) is in
collaborative talks with OPTRAK a UK based company specialising in the production of
routing and scheduling software. The company has expressed interest in building a platform
around our optimisation models and algorithms to solve routing and scheduling problems
encountered in the real-world. The platform offers routing solutions to a wide range of
problem applications in fields such as waste management, oil and lubricants transportation,
freight forwarding, and media distribution. OPTRAK currently has customers such as NOCO
lubricants, Deebee wholesale retailers, Reynolds logistics and Kuehne+Nagel who all handle
a variety of deliveries and consignments.

Another interesting real-world routing and scheduling problem is the multiple pickup and
delivery problem for employees for instance in the care industry where the employees have
shift patterns, different pickup locations and drop-off locations but have a common shift start
time. The problem of pickup order arises as a result of conflict and employee satisfaction.
For example, if a staff’s shift starts at 8:00pm, travelling time to the shift location is 30
minutes, that staff will be unhappy with an early shift-pickup time of 6:00pm. Another
scenario can be a staff who worked a night shift due for a pickup from the shift location
but due to other morning drop-offs, the night staff has to be picked up late. An interesting
future research can be to investigate an efficient driver schedule for the multiple pickups and
drop-offs based on staff pickup and drop-off location and shift start and end times. In this
way, staff dissatisfaction is minimised.
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9.4 Scientific publications and academic contributions

9.4.1 Journal publications

• A Biased-Randomized Iterated Greedy for PRP with Departure Time and Speed
Optimisation. submitted in

Annals of Operations Research (indexed in ISI SCI, 2017 IF = 1.864, Q2; 2017 SJR =
0.943, Q1). ISSN: 0254-5330.

• A Biased-Randomized Iterated Greedy framework for solving the Capacitated Vehicle
Routing Problem with Multidimensional Impacts. under development

• A Sim-heuristic for Sustainable Freight Transport under Stochastic Traveling times
and Demands. under development

• A Goal Programming approach for Sustainable Freight Transport.under development

• Sim-Iterated Greedy for solving the Vehicle Routing Problem with Stochastic Demands.
under development

9.4.2 Conference abstracts

• A Biased Randomised Clark and Wright Savings Heuristic for the Time dependent
Pollution Routing Problem with Departure time and Speed optimisation.
OR58 Con f erence, Portsmouth. September-2016

• A Biased Randomised Clark and Wright Savings Heuristic for the Time dependent
Pollution Routing Problem with time windows.
27th Euro Con f erence, Glasgow. July-2015
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Baykasoğlu, A. and Subulan, K. (2016). A multi-objective sustainable load planning model
for intermodal transportation networks with a real-life application. Transportation Re-
search Part E: Logistics and Transportation Review, 95:207–247.

183



References
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