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ABSTRACT

Route planning for vehicles in freight distribution has long been a primary
objective in logistics. Researchers and practitioners have devoted considerable
effort to developingmodels and solutionmethods to optimize routes for a fleet of
vehicles transporting goods from supply points to demand points. However, the
global environmental crisis, mainly caused by rapid industrialization, population
growth, and urbanization, has underscored the need for sustainable solutions
for logistic operations. Rising concerns over environmental pollution, noise,
traffic congestion, and population growth, especially in large cities, highlight the
necessity to consider social and environmental issues alongside economic and
operational efficiency in the design of logistics systems.

In this line, this thesis addresses the critical need for sustainability in urban
logistics by exploring advanced solutions that integrate electric vehicles (EVs)
and multi-echelon distribution systems into Vehicle Routing Problems. Situated
at the intersection of combinatorial optimization and sustainable urban logistics,
this work focuses on both algorithmic advancements and the development of
comprehensive routing models.

The algorithmic contributions primarily involve enhancing and applying the
Construct, Merge, Solve & Adapt (CMSA) algorithm, particularly by developing a
self-adaptive variant known as Adapt-CMSA. This algorithm variant addresses
the issue of parameter sensitivity in metaheuristics, where performance often
heavily depends on specific parameter settings. Adapt-CMSA aims to reduce
this sensitivity, ensuring robust performance across various problem sizes and
complexities without the need for parameter re-tuning. Its effectiveness is
first shown in the context of the Minimum Positive Influence Dominating Set

Problem, where it outperformed the standard CMSA by dynamically adjusting
its parameters, thereby enhancing efficiency and scalability.

From a practical standpoint, this thesis tackles the formulation of complex
routing problems that mirror real-world scenarios in sustainable urban logistics.
It introduces models for the Electric Vehicle Routing Problems and Two-Echelon

Electric Vehicle Routing Problems, integrating critical constraints such as time
windows, simultaneous pickup and deliveries, and partial recharging strategies.
Additionally, the thesis goes beyond traditional objective functions considering
distance minimization. In particular, we consider energy-minimization that
is affected by several factors such as vehicle speed and load. By effectively
employing a range of heuristic andmetaheuristic approaches, the thesis provides
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practical solutions to complex variants of the addressed problems.

Keywords: Sustainable Logistics, Electric Vehicle Routing, Two-Echelon Freight

Distribution, Time Windows, Simultaneous Pickup & Delivery, Partial Recharging,
Minimum Dominating Set, Minimum Positive Influence Dominating Set, CPLEX,
Variable Neighborhood Search, Construct Merge Solve & Adapt, Ant Colony

Optimization.
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RESUMEN

La planificación de rutas para vehículos en la distribución de mercancías ha
sido durante mucho tiempo un objetivo primordial en logística. Investigadores
y profesionales han dedicado considerables esfuerzos a desarrollar modelos
y métodos de resolución para optimizar rutas para flotas de vehículos que
transportan bienes desde puntos de suministro a puntos de demanda. Sin
embargo, la crisis ambiental global, profundizada por la rápida industrialización,
el crecimiento de la población y la urbanización, ha subrayado la necesidad
de soluciones sostenibles para tales operaciones logísticas. Las crecientes
preocupaciones sobre la contaminación ambiental, el ruido, la congestión
ocasionada por el tráfico y el crecimiento de la población, especialmente en las
grandes ciudades, destacan la necesidad de considerar los problemas sociales
y ambientales junto con la eficiencia económica y operativa en el diseño de los
sistemas logísticos.

En esta línea, esta tesis aborda la necesidad crítica de sostenibilidad en
la logística urbana explorando soluciones avanzadas que integran vehículos
eléctricos (EVs) y sistemas de distribución de múltiples niveles en los Problemas

de Enrutamiento de Vehículos. Situado en la intersección de la optimización

combinatoriay la logística urbana sostenible, este trabajo se centra tanto en los avances
algorítmicos como en el desarrollo de modelos de enrutamiento integrales.

Las contribuciones algorítmicas involucran principalmente la mejora y
aplicación del algoritmo Construir, Fusionar, Resolver y Adaptar (CMSA),
particularmente desarrollando una variante auto-adaptativa conocida como
Adapt-CMSA. Esta variante aborda el desafío de la sensibilidad a los parámetros
en las metaheurísticas, donde el rendimiento a menudo depende en gran
medida de configuraciones de parámetros específicos. Adapt-CMSA tiene
como objetivo reducir esta sensibilidad, asegurando un rendimiento robusto en
diversos tamaños y complejidades de problemas sin la necesidad de reajustar
los parámetros. Su efectividad fue particularmente evidente cuando se aplicó
al Problema de Conjunto Dominante de Influencia Positiva Mínima, donde superó
al CMSA estándar al ajustar dinámicamente sus parámetros, mejorando así la
eficiencia y la escalabilidad.

Desde un punto de vista práctico, esta tesis aborda la formulación de
problemas complejos de enrutamiento que reflejan escenarios del mundo real
en la logística urbana sostenible. Introduce modelos para los Problemas de

Enrutamiento de Vehículos Eléctricos y Problemas de Enrutamiento de Vehículos

Eléctricos de Dos Niveles, integrando restricciones críticas como ventanas de
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tiempo, recogidas y entregas simultáneas, y estrategias de recarga parcial.
Además, la tesis va más allá de las funciones objetivo tradicionales de
minimización de distancias al considerar también la minimización de energía,
afectada por varios factores como la velocidad del vehículo y su carga. Al
emplear efectivamente una gama de enfoques heurísticos y metaheurísticos, la
tesis proporciona soluciones prácticas a variantes complejas de los problemas
abordados.
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RESUM

La planificació de rutes per a vehicles en la distribució de mercaderies ha
estat durant molt de temps un objectiu primordial en logística. Investigadors
i professionals han dedicat considerables esforços a desenvolupar models i
mètodes de resolució per a optimitzar rutes per a flotes de vehicles que
transporten béns des de punts de subministrament a punts de demanda.
No obstant això, la crisi ambiental global, profunditzada per la ràpida
industrialització, el creixement de la població i la urbanització, han subratllat la
necessitat de solucions sostenibles per a les operacions logístiques. Les creixents
preocupacions sobre la contaminació ambiental, el soroll, la congestió deguda al
trànsit i el creixement de la població, especialment en les grans ciutats, destaquen
la necessitat de considerar els problemes socials i ambientals juntament amb
l’eficiència econòmica i operativa en el disseny dels sistemes logístics.

En aquesta línia, aquesta tesi aborda la necessitat crítica de sostenibilitat en
la logística urbana explorant solucions avançades que integren vehicles elèctrics
(EVs) i sistemes de distribució de múltiples nivells en els Problemes d’Enrutament

de Vehicles. Situat a la intersecció de la optimització combinatòria i la logística

urbana sostenible, aquest treball se centra tant en els avenços algorísmics com en
el desenvolupament de models d’enrutament integrals.

Les contribucions algorísmiques involucren principalment la millora i
aplicació de l’algorisme Construir, Fusionar, Resoldre i Adaptar (CMSA),
particularment desenvolupant una variant auto-adaptativa coneguda com
Adapt-CMSA. Aquesta variant aborda el repte de la sensibilitat als paràmetres
en les metaheurístiques, on el rendiment sovint depèn en gran mesura de
configuracions de paràmetres específics. Adapt-CMSA té com a objectiu reduir-ne
aquesta sensibilitat, assegurant-ne un rendiment robust en diverses mides i
complexitats de problemes sense la necessitat de reajustar-ne els paràmetres. La
seva efectivitat va ser particularment evident en ser aplicat al Problema del Conjunt

Dominant de Influència Positiva Mínima, onva superar elCMSA estàndard enajustar
dinàmicament els seus paràmetres, millorant-ne així l’eficiència i l’escalabilitat.

Des d’un punt de vista pràctic, aquesta tesi aborda la formulació de
problemes complexos d’enrutament que reflecteixen escenaris del món real en
la logística urbana sostenible. Introdueix models per als Problemes d’Enrutament

de Vehicles Elèctrics i Problemes d’Enrutament de Vehicles Elèctrics de Dos Nivells,
integrant restriccions crítiques com ara finestres de temps, recollides i entregues
simultànies, i estratègies de recàrrega parcial. A més, la tesi va més enllà de les
funcions objectiu tradicionals de minimització de distàncies en considerar també
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la minimització d’energia, afectada per diversos factors com ara la velocitat del
vehicle i la seva càrrega. En emprar de manera efectiva una gamma d’enfocs
heurístics i metaheurístics, la tesi proporciona solucions pràctiques a variants
complexes dels problemes abordats.
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CHAPTER 1

INTRODUCTION

1.1 Background and Motivation

Environmental pollution, an inevitable consequence of rapid industrialization

and population growth, has become a critical global challenge. This escalating

crisis is largely attributed to the uncontrolled exploitation of natural resources

and the consequent release of pollutants into the environment. These activities,

coupled with the expansion of urban areas and the industrial sector, have caused

a signi�cant deterioration of air, water, and soil.

One of the most concerning issues of this environmental degradation is air

pollution, which is directly linked to the extensive use of fossil fuels across various

sectors such as energy production, transportation, and manufacturing industries.

The increasing presence of air pollutants not only deteriorates environmental

quality but also poses severe health risks. Prolonged exposure to poor air quality

has been associated with various health problems, from respiratory illnesses [85]

to cardiovascular diseases [136], impacting the well-being and productivity of

populations.

Beside the individual e�ects of air pollutants, there is also a signi�cant global

e�ect due to greenhouse gases such as carbon dioxide (CO2), methane (CH4), and

nitrous oxide ( N2O). Emitted through human activities across various sectors,

these gases escalate the crisis to a global level, contributing to global climate

change and intensifying environmental and health challenges worldwide.

In a concerning development, 2022 witnessed a record high in greenhouse gas

emissions, with no indication of a downward trend, see Figure 1.1. The World

Meteorological Organization reported that the global average concentration

of CO2 reached levels 50% higher than those in the pre-industrial era [190].

Furthermore, the International Energy Agency's 2023 report indicated that global

energy-related CO2 emissions increased by 0.9% or 321 Mt in 2022, totaling over

36.8 Gt [97]. This rise indicates the urgency of the ongoing challenges in reducing

emissions from energy combustion and industrial processes.
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Fig. 1.1Global CO2 Emission by Sector Over Time [48].

The logistics sector, due to its vital role in the global economy, is one of

the primary contributors to environmental pollution, especially in greenhouse

gas emissions, see Figure 1.2. Logistic activities encompass various modes

of transportation, such as air, marine, and road transport. According to

the International Energy Agency, the transport sector was responsible for

approximately 23% of global energy-related CO2 emissions in 2015, with road

transport alone accounting for 72% of these emissions. Aviation and maritime

transport also contributed signi�cantly, with 10% and 9.6% of the sector's

emissions, respectively [97].

Recognizing environmental issues as complex and layered, spanning from

local to the global impacts of pollution and greenhouse gas emissions,

underscores the critical need for comprehensive solutions. Within this

framework, sustainability has emerged as a pivotal concept. As the World

Commission on Environment and Development outlines, sustainability entails

the cautious use of resources to ful�l current needs without threatening the

capacity of future generations to meet theirs [188]. This holistic approach reduces

pollution, preserves biodiversity, and promotes social equity [77]. With a clear

understanding of the need for eco-friendly practices across di�erent sectors,

the logistics industry, notable for its signi�cant environmental footprint, is no

exception in adopting sustainable strategies to lessen its adverse environmental

e�ects [125]. This commitment is further supported by the United Nations

Sustainable Development Goals (SDGs)which provide a global framework that

includes targets speci�cally relevant to sustainable logistics practices (see

Figure 1.3). These goals underscore the necessity of integrating environmental

considerations with socio-economic development, highlighting areas such as

responsible consumption and production, climate action, and decent work
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Fig. 1.2 Percentage Contribution of Various Sectors to EU-27 Emissions. The
emission types represented on the y-axis include Black Carbon (BC), a component
of �ne particulate matter contributing to climate change; Carbon Monoxide
(CO), a colorless and toxic air pollutant; Ammonia (NH 3), primarily from
agricultural processes; Non-Methane Volatile Organic Compounds (NMVOCs),
which contribute to ozone formation; Nitrogen Oxides (NO x ), involved in
the formation of smog and acid rain; Particulate Matter with diameters of
2.5 micrometers and smaller (PM2:5) and 10 micrometers and smaller (PM10),
a�ecting respiratory health; Sulfur Dioxide (SO 2), a precursor to acid rain; and
Methane (CH4), a potent greenhouse gas [63].

conditions and economic growth, which are directly applicable to the logistics

sector [180].

As a critical aspect of this sustainability movement, sustainable logistics

speci�cally targets the environmental impact of logistics activities [33]. It aims

to minimize the ecological footprint of the logistics sector by implementing

energy-e�cient strategies, reducing waste, and promoting the use of renewable

resources [132]. Beyond environmental considerations, sustainable logistics

also encompasses social and economic aspects, such as ensuring fair working

conditions and promoting local economies [33]. The ultimate goal of sustainable

logistics is to strike a balance between meeting the demands of consumers,

businesses, and the environment, ensuring that logistic activities contribute to

long-term environmental, social, and economic well-being [132].

Sustainable city logistics, on the other hand, a more focused area within

sustainable logistics, concentrates on urban areas where the environmental

impact of transportation is particularly signi�cant [175]. As urban populations
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Fig. 1.3 The Sustainable Development Goals and their relevance to sustainable
logistics [180].

continue to grow and the demand for goods and services in cities increases,

the need for e�cient and sustainable transportation solutions becomes even

more critical [47]. In this line, sustainable city logistics aims to optimize

the �ow of goods and people within cities while minimizing the adverse

e�ects on the environment, such as air pollution, noise pollution, and tra�c

congestion [175]. This can be achieved through various strategies, including

the use of environmentally friendly vehicles, promoting multi-modal transport,

implementing smart tra�c management systems, and adopting multi-echelon

distribution systems [47].

Two key approaches have been increasingly recognized in both theoretical

and practical aspects of sustainable city logistics: �rstly, the adoption

of environmentally friendly vehicles, and secondly, the implementation of

multi-echelon distribution systems, supplemented by strategic restrictions such

as limited service times and reverse logistics practices.

Environmentally friendly vehicles, including electric vehicles (EVs), hybrid

vehicles, and those utilizing alternative fuels, play a crucial role in reducing

exhaust gas emissions, thereby contributing to the sustainability goals set by

governments and international organizations [125].

Figure 1.4 underlines the pivotal role of electri�cation in the transport sector's

contribution to CO2 emissions reduction in the Sustainable Development Scenario.

It demonstrates that the shift towards electri�cation, including the use of EVs,

represents the most signi�cant share of emission reductions compared to other

actions such as demand avoidance, hydrogen usage, bioenergy, and other

renewables. This underscores the importance of accelerating the adoption of

EVs within the logistics sector. These vehicles not only o�er long-term �nancial

bene�ts through reduced maintenance and fuel costs but also assist logistics
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Fig. 1.4 CO2 emissions reductions in the transport sector in the Sustainable
Development Scenario relative to the Stated Policies Scenario [98].

companies in adhering to environmental regulations, ful�lling corporate social

responsibility, and enhancing their public image [125]. However, challenges

such as limited driving range, higher initial costs, restricted availability, and

battery disposal issues remain key considerations in the broader adoption of

these vehicles.

Complementing the adoption of environmentally friendly vehicles,

multi-echelon distribution systems emerge as another essential component of

sustainable city logistics, o�ering innovative strategies to address the complexities

of urban freight movement. This logistic approach involves transporting

goods through a series of stages, each utilizing various transportation modes

and facilities strategically designed to enhance e�ciency while reducing

environmental impact. In this system, the supply chain is segmented into

multiple 'echelons' or stages. At each stage, goods are consolidated at designated

facilities, often referred to as intermodal transshipment hubs or 'satellites,' before

being transferred to di�erent vehicles for the next phase of delivery [127].

The signi�cance of multi-echelon distribution in city logistics is profound.

Segmenting the transportation process allows for a more e�ective consolidation

of goods. This segmentation leads to substantial bene�ts such as diminished

tra�c congestion, lower air pollution levels, and reduced transportation costs,

thereby aligning closely with the objectives of city logistics which prioritize the

minimization of social, economic, and environmental impacts [127]. A critical

aspect of this approach is its capability to decrease the presence of large trucks in

urban centers, opting instead for smaller, eco-friendly vehicles for �nal delivery

stages. Such a shift not only boosts the e�ciency of goods movement but also

markedly improves urban air quality and mitigates tra�c congestion [127].
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Nevertheless, the implementation of multi-echelon distribution systems

entails its own set of challenges. It demands meticulous strategic planning,

e�ective coordination among diverse stakeholders, and the establishment of

suitable infrastructures like urban consolidation centers (UCCs). These UCCs

serve as central hubs where goods from various sources are aggregated before

their distribution across the city, thereby reducing the number of delivery vehicles

and enhancing the overall e�cacy of urban freight operations [45]. The success

of these systems hinges on optimal transportation planning and management,

necessitating advanced decision-making tools and technologies. The deployment

of Intelligent Transportation Systems (ITS) and sophisticated �eet management

practices becomes crucial for the control and synchronization of logistics activities

within these systems [45].

Another sustainable logistics practice is the implementation of restrictions,

such as limited service time for customers (time windows) and reverse logistics

practices. Time windows impose constraints on when deliveries can be made,

which can lead to more e�cient route planning, reduced congestion, and lower

emissions [175]. This practice also encourages better use of transportation

resources and contributes to improved air quality in urban areas. However, time

window restrictions can also pose challenges for logistics companies, as they must

balance customer needs with the constraints imposed by local authorities.

Reverse logistics practices, which involve the collection, transportation, and

processing of used, damaged, or obsolete products and materials, can also

contribute to sustainable city logistics [157]. By facilitating the recycling,

refurbishment, or disposal of products, reverse logistics helps reduce waste,

conserve resources, and minimize the environmental impact of logistics activities.

Moreover, it can provide economic bene�ts for companies by recovering value

from returned products and reducing disposal costs. However, implementing

reverse logistics practices can be complex and resource-intensive, requiring

substantial investments in infrastructure, technology, and personnel [157].

In conclusion, sustainable city logistics encompasses a range of practices,

including the use of environmentally friendly vehicles, multi-echelon distribution

systems, time window restrictions, and reverse logistics practices. By adopting

these strategies, logistics companies can reduce their environmental impact,

enhance their sustainability performance, and contribute to a cleaner, greener

urban environment.

Considering the urgent need to address environmental pollution and the

signi�cant role of road transport activities in contributing to this issue, it

is essential to explore sustainable solutions within logistics. The concept of
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sustainable city logistics is vital in this context, as it focuses on minimizing the

environmental impact of transportation activities in urban areas. This thesis seeks

to investigate electric vehicle routing problems and two-echelon electric vehicle

routing problems as key components of sustainable city logistics, providing

innovative ways to achieve a cleaner, greener future. By addressing variations

of these problems, the thesis takes into account real-life constraints, such as time

windows, simultaneous pickups and deliveries, partial battery charging and

realistic transportation networks considering road junctions and road segments

with di�erent speed limitations for vehicles. The aim of this study is not only to

contribute valuable insights to the �eld of sustainable logistics but also to develop

solution approaches that can e�ectively solve the addressed problems.

1.2 Overview of Vehicle Routing Problems

The Vehicle Routing Problem (VRP) introduced by Dantzig and Ramser [50]

represents a fundamental challenge in operations research and logistics. The

problem involves determining the most e�cient routes for a �eet of vehicles

originating from a central depot or multiple distribution centers to a network

of demand points or customers. The objective is generally minimizing travel

distances, time, and overall logistical costs.

The VRP extends the principles of the well-known Traveling Salesman

Problem (TSP). While the TSP seeks the shortest route for a single vehicle to

visit each customer exactly once before returning to the origin, the VRP adds

layers of complexity with multiple vehicles, often subject to loading capacity

limits. This requires not just the determination of a singular optimal route but

an entire set of e�cient routes for the whole �eet. Figure 1.5 illustrates a typical

VRP setup, including a central depot, customer locations, and routes for a �eet

of vehicles.

Following the foundational work by Dantzig and Ramser [50], the �eld of

VRPs has expanded signi�cantly to include a variety of scenarios, re�ecting the

diverse challenges faced in real-world logistics and distribution systems. This

evolution has led to the introduction of numerous VRP variants, each designed

to address speci�c constraints and requirements in logistics planning.

Models such as the VRP with time windows (VRPTW) [173], the VRP

with time limit (VRPTL) [177] and the Time-dependent VRP(TDVRP) [126]

ensure that deliveries and services are scheduled within feasible time

frames, accommodating the dynamic nature of tra�c conditions and customer

availability.
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Fig. 1.5 Illustration of a Capacitated Vehicle Routing Problem. Icons by Icons8
(icons8.com).

Furthermore, the domain of VRPs has extended to involve various demand

scenarios, notably through the Pickup and Delivery Problem (PDP) [165].

This category includes the VRP with backhauls (VRPB) [81], where deliveries

are followed by pickups; the VRP with Clustered Backhauls (VRPCB) [145],

emphasizing the geographical clustering of pickup points; and the VRP with

simultaneous pickups and deliveries (VRPSPD) [179] where pickup and delivery

requests are met simultaneously. Researchers have also worked on models like

the Split-delivery VRP (SDVRP) [58, 59] and the VRP with divisable deliveries

(VRPDD) [139], which allows customer demands to be ful�lled through multiple

deliveries, thereby increasing the �exibility and e�ciency of vehicle utilization.

The exploration of VRPs has not stopped at time and demand scenarios. The

�eld also embraces models catering to diverse operational complexities. The

Heterogeneous VRP (HVRP) [82] considers vehicles of varying capacities, while

the Multi-depot VRP (MDVRP) [36] addresses organizations operating from

multiple depots. The Periodic VRP (PVRP) [70] extends the planning horizon

to include recurring customer visits. Addressing uncertainties, the Stochastic

VRP (SVRP) [76] models randomness in demand, customer presence, and travel

times, further subcategorized into variants like the VRP with stochastic demand

(VRPSD) [23] and the VRP with stochastic travel times (VRPSTS) [114]. The Open

VRP (OVRP) [162] introduces �exibility by allowing vehicles to end their routes

without returning to the depot. Other specialized variants, such as the Green

VRP (G-VRP) [62], the Dynamic VRP (DVRP) [115], and the Multi-compartment
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VRP (MC-VRP) [42], highlight the �eld's adaptability to environmental concerns,

real-time information changes, and speci�c cargo handling needs.

As the importance of sustainable systems and operations increases, the VRP

literature is naturally moving towards the emergence of specialized VRP variants

such as the Electric Vehicle Routing Problem (EVRP) [43], the Two Echelon Vehicle

Routing Problem (2E-VRP) [147], and the Two Echelon Electric Vehicle Routing

Problem (2E-EVRP) [29]. The following sections will present the integration of

electric vehicles into routing strategies, the complexities of multi-tier distribution

systems, and the synergy between these advanced approaches, highlighting the

�eld's progression towards sustainable and e�cient logistics solutions.

1.2.1 The Electric Vehicle Routing Problems

The Electric Vehicle Routing Problem (EVRP) is a variant of the classic VRPs

that consider using EVs for goods or service delivery. As mentioned before,

EVs have gained popularity in logistics and transportation due to the growing

concern for reducing greenhouse gas emissions and promoting environmental

sustainability [116].

The EVRP seeks the most e�ective routing strategies for delivering goods or

services using EVs from a central warehouse to a network of customers. The

primary objective remains to minimize total costs, such as travel distance, time

and operational costs, as in the case of conventional VRPs. However, energy

e�ciency is also sometimes considered to be an objective due to the nature

of the problem. Another crucial aspect of the EVRP involves managing the

limited range of vehicles and strategically planning for recharging at available

stations. En-route charging requirements of EVs add a layer of complexity to

route planning, as it necessitates not only e�cient routing to demand points but

also timely and e�ective battery recharging plans.

Figure 1.6 illustrates an EVRP network, showing a central depot, various

customer locations, charging stations, and the planned routes of electric vehicles.

In this model, electric vehicles must consider both customer demands and the

availability of charging stations along their routes. An EV departs from the depot

with a fully charged battery. As it travels through demand points, its battery

is consumed depending on various factors such as the distance travelled, load

and speed. Therefore, it has to visit charging stations to charge the battery when

needed.

The route optimization of rechargeable vehicles was �rst considered by

Conrad and Filiozzi [43]. They presented a mathematical formulation of the

problem, aiming to minimize the number of vehicles and the total cost related
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Fig. 1.6 Illustration of an Electric Vehicle Routing Problem. Icons by Icons8
(icons8.com).

to the traveled distance, the service time, and the vehicle recharging cost. After

this pioneering work, several researchers presented EVRP variations together

with di�erent algorithmic solutions. Erdo§an et al. [62] formulated a green

vehicle routing problem in terms of a mixed-integer programming model and

proposed two contraction heuristics along with a customized improvement

technique to solve large-sized problem instances. Schneider et al. [166] extended

the EVRP by including time window constraints into the model. Moreover,

they proposed a metaheuristic algorithm based on variable neighborhood search

(VNS) and tabu search (TS). Felipe et al. [66] extended the green vehicle routing

problem introduced by [62], considering several real-life assumptions such as

partial recharging and multiple charging technologies with di�erent charging

speeds and costs. They developed a mathematical model and proposed several

heuristic solution methods for problem instances of realistic size. In addition,

Keskin and Çatay [104] introduced an EVRP with time windows and partial

recharging. They proposed an adaptive large neighborhood search (ALNS) based

solution approach and analyzed if the partial recharging of batteries improved

the obtained solutions when compared to the full charging option. Furthermore,

they also considered a fast charging option in [105] and proposed two di�erent

mathematical models as well as a matheuristic. Moreover, Montoya et al. [138]

introduced a new model that takes into account the non-linear charging time of

batteries. They reported that the time spent for charging batteries is non-linear,

and ignoring this fact may cause the generation of infeasible and/or costly
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solutions. Keskin et al. [106] considered also the fact that an EV might have to

wait in a queue when visiting a charging station. They proposed a two-stage

simulation-based heuristic using an LNS algorithm. Sadati and Çatay [160]

recently introduced a multi-depot green vehicle routing problem and developed

a mixed-integer linear programming model. They proposed a solution method

based on VNS and TS and reported on the computational properties of the

algorithm. Duman et al. [60] proposed exact and heuristic algorithms based on

branch-and-price-and-cut and on column generation to solve the EVRP with TWs.

Huerta-Rojo et al. [95] proposed an algorithm named ACOLS, a combination of

ant colony optimization and local search, for the EVRP with time windows and

partial recharging.

1.2.2 Two-Echelon Vehicle Routing Problems

Driven by an increasing focus on sustainable city logistics, the Two-Echelon

Vehicle Routing Problem (2E-VRP) emerges as an extension of traditional VRPs.

This variant is particularly relevant in the context of increasing urbanization and

environmental awareness, as it introduces a multi-echelon distribution system

designed to address the challenges of urban delivery networks [45, 147].

The 2E-VRP model structures the distribution process into two distinct levels.

The �rst level � in other words, echelon � involves transporting goods from

a central warehouse to intermediate transhipment facilities, known as satellites,

typically located on the outskirts of urban areas. These satellites act as pivotal

nodes for the collection and redistribution of goods. The transition of goods

from the warehouse to satellites is generally handled by large trucks suitable for

long-distance hauls and capable of carrying signi�cant loads.

The second echelon shifts the focus to urban distribution challenges. At this

stage, smaller vehicles, better suited to navigate city environments, take over to

deliver goods from satellites to �nal customers within city centers. This phase

is speci�cally designed to accommodate the constraints of city logistics, such as

restricted entry points and narrow roads, while minimizing the environmental

and social impact of delivery operations.

Figure 1.7 shows a typical 2E-VRP setup, illustrating the interaction between

the central warehouse, satellite locations, and customer delivery points. Similar

to the other variants of VRPs, the primary goal is to optimize transportation costs

in both echelons while respecting the problem-related constraints.

After Crainic et al. [46] introduced the concept of two echelons in the

context of the 2E-VRP as a new concept to the literature, this line of research

developed into one of the most popular ones in the context of urban freight
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Fig. 1.7 Illustration of a Capacitated 2-Echelon Vehicle Routing Problem. Icons
by Icons8 (icons8.com).

transportation [75]. The idea of developing sustainable cities and transportation

systems further increases the interest in this �eld of research. Perboli et al. [147]

proposed a mathematical model and math-based heuristics for the 2E-VRP.

Various researchers proposed exact solution approaches such as branch-and-cut

(see [100, 122]) and branch-and-price methods (see [51, 129]) as well as

dynamic programming [14] to solve various extensions of the 2E-VRP. However,

with growing instance size and problem complexity, researchers focused on

approximate techniques to solve these problems. Grangier et al. [84] proposed

a heuristic based on LNS for the 2E-VRP with time window and satellite

synchronization constraints. Wang et al. [185] developed a matheuristic based

on VNS and integer programming. Moreover, Belgin et al. [20] formulated

the 2E-VRP with simultaneous pickup and delivery constraints as a two-index

mixed-integer programming model and developed a hybrid metaheuristic

combining variable neighborhood descent (VND) and local search.

1.2.3 Two-Echelon Electric Vehicle Routing Problems

The Two-Echelon Electric Vehicle Routing Problem (2E-EVRP) integrates the

concepts of the 2E-VRP and the EVRP, as discussed in Sections 1.2.2 and 1.2.1

respectively. This hybrid model addresses the complexity of urban logistics

by distributing goods through a two-tiered system that optimally utilizes both

traditional large trucks and environmentally friendly EVs, each serving a speci�c

logistical purpose.
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Fig. 1.8 Illustration of a Two-Echelon Electric Vehicle Routing Problem. Icons by
Icons8 (icons8.com).

In the �rst echelon of the 2E-EVRP, goods are transported from a central

warehouse to satellites using large conventional trucks. Transitioning to the

second echelon, EVs, with their zero direct emissions and low noise levels,

are deployed for the �nal delivery phase, bringing goods from the satellites to

customers within urban areas. This approach aligns with the growing emphasis

on reducing the environmental footprint of logistic activities especially in urban

areas.

Figure 1.8 provides a visual representation of the 2E-EVRP setup that includes

a central warehouse, satellites, charging stations and customers. It illustrates the

�ow of goods from the central warehouse to the satellites and then to the �nal

customers, demonstrating the interplay between the conventional trucks in the

�rst echelon and the EVs in the second echelon.

The 2E-EVRP introduces several unique challenges. In the �rst echelon,

careful planning is essential for the e�cient allocation of customers to satellites

and the coordination of deliveries from the warehouse to these depots. The

second echelon presents additional complexities, including the limited range of

EVs, the necessity of accessible charging stations, and additional operational

considerations like time windows for deliveries.

The objective of the 2E-EVRP is to minimize the total cost of the distribution

process across both echelons. This includes a focus on factors such as

travel distances, �eet costs, operational expenses, and, importantly, energy

consumption. This holistic approach ensures that the distribution system is



14 Chapter 1 Introduction

not only operationally e�cient but also minimizes its environmental impact,

adhering to the principles of sustainable urban logistics.

The 2E-EVRP is regarded as a combination of two initially independent

research lines: the one on EVRPs and the one on 2E-VRPs; see [43] and [46]. Works

on EVRPS include [11, 113], while [172] is a recent example for work on 2E-VRPs.

On the other hand, the related literature on 2E-EVRPs is still rather scarce. Jie

et al. [101] were among the �rst to propose a 2E-EVRP with battery-swapping

stations (BSS). A hybrid algorithm that combines column generation and LNS

is proposed to solve the addressed problem. Breunig et al. [29] proposed a

metaheuristic approach based on LNS and an exact mathematical programming

algorithm that employs decomposition and pricing techniques to solve 2E-EVRP.

Moreover, Cao et al. [32] investigated the design of a two-echelon reverse

logistics network to collect recyclable waste utilizing a mixed �eet of electric

and conventional vehicles. Instead of a single integrated mathematical model,

the authors formulated the addressed problem as two distinct models, one

for each echelon. Furthermore, Wu and Zhang [191] developed a branch and

price algorithm to solve a 2E-EVRP. They tested the proposed solution approach

on small and medium-sized instances containing up to 20 customers and two

charging stations. Recently, Wang and Zhou [181] introduced a 2E-EVRP with

time windows and battery-swapping stations. They developed a MILP model

that minimizes transportation, handling, and �xed costs for the vehicles used in

the �rst and second echelons, in addition to battery-swapping costs. However,

the time spent on battery swapping is not considered.

1.3 Solution Approaches

Addressing EVRPs and 2E-VRPs presents signi�cant challenges due to their

complexity, including factors like vehicle capacity, customer demand, limited

driving ranges of vehicles and en-route charging needs, and managing logistics

across multiple distribution levels. The diversity of problem objectives and

several constraints arising from real-life logistics scenarios further require tailored

solution strategies.

This section provides an overview of various solution methods that have been

used to solve VRPs in the past, ranging from exact algorithms to approximate

techniques such as heuristics and metaheuristics.
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1.3.1 Exact Solution Approaches

Exact solution approaches for VRPs are designed to identify an optimal

solution by explicitly or implicitly exploring the complete space of valid

solution. These methods are founded on mathematical rigor and incorporate

advanced algorithmic techniques, including Branch-and-Bound, Branch-and-Cut,

Branch-and-Price, and Dynamic Programming. Although these strategies ensure

the identi�cation of a best possible solution, their computational demand may

render them impractical for larger or more complex VRP variants, such as the

EVRP and the 2E-VRP.

Another technique, Mixed Integer Linear Programming(MILP), involves the

addressed problem to be modeled with a linear objective function and linear

constraints on both continuous and integer variables. This approach is widely

favored for its applicability in constructing valid mathematical representations of

combinatorial optimization problems. The advancement of computational tools,

such as IBM ILOG CPLEX [8, 96] and Gurobi [87] has signi�cantly enhanced the

feasibility of solving problems formulated through MILP models.

Despite the precision these exact methods o�er, their intensive computational

requirements may limit their applicability to larger instances of complex

or extensive VRP scenarios. The subsequent sections will present various

exact solution approaches, detailing their methodologies, applications, and the

challenges they face, especially in the context of complex routing problems.

1.3.1.1 Branch-and-Bound (B&B) Algorithms

The Branch-and-Bound(B&B) algorithm is a pivotal method in discrete

optimization, especially suited for tackling integer and mixed-integer

programming problems. B&B methodically explores the solution space through

a tree of sub-problems, each node representing a part of the overall problem.

This exploration is guided by two key processes: 'branching', which divides the

problem into narrower sub-problems, and 'bounding', which establishes upper

and lower limits for these sub-problems to eliminate unlikely candidates for

optimal solutions.

The algorithm's e�ectiveness hinges on three core components: the search

strategy, which determines the order in which subproblems in the tree are

explored; the branching strategy, which determines the partitioning of the solution

space; and thepruning rules, which help eliminate sub-optimal search areas.

Although B&B is theoretically capable of identifying optimal solutions,

its computational demand escalates with the problem's complexity, posing a
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signi�cant challenge for large-scale instances of EVRPs and 2E-VRPs. The

algorithm's computational feasibility often becomes strained as the number

of sub-problems grows exponentially with the size of problem instances.

Applications of B&B to VRPs can be found in [40, 179]

1.3.1.2 Branch-and-Cut (B&C) Algorithms

The Branch-and-Cut(B&C) method enhances the B&B by incorporating a " cutting"

phase, which enhances the search process for �nding optimal solutions in Integer

Linear Programming (ILP) problems. Key to B&C's strategy is the generation

of "cuts" or additional constraints, which are integrated to eliminate non-viable

portions of the search space, focusing the search on feasible and promising areas.

These cuts, derived from a polyhedral study of the problem's feasible region,

speci�cally target and exclude fractional solutions from the linear programming

relaxation of sub-problems, thereby tightening the LP relaxation and streamlining

the path to the optimal solution [137].

However, implementing B&C is quite complex and computationally

demanding. Generating e�ective cuts requires in-depth knowledge of the

problem's polyhedral aspects and sophisticated algorithms for identifying

impactful cuts. This complexity, combined with the signi�cant computational

resources needed, especially for large-scale VRP instances, limits B&C's

practicality in certain scenarios.

Despite these challenges, B&C has demonstrated notable success in some

applications, such as solving the two-echelon capacitated vehicle routing problem

with grouping constraints more e�ciently than general-purpose solvers like

CPLEX [122]. Additionally, it has been used to address the GVRP by combining

it with simulated annealing heuristics to achieve optimal solutions within

reasonable time frames [199].

1.3.1.3 Branch-and-Price (B&P) Algorithms

The Branch-and-Price(B&P) method is a combination of B&B with column

generation techniques. It starts by addressing a restricted version of the original

problem, focusing on a manageable subset of variables, or columns. In VRP

contexts, each of these variables often represents a potential vehicle route, with

the initial set comprising a limited selection of feasible routes [164].

The strength of B&P lies in its dynamic column generation during the

bounding process. New variables are systematically added based on their

potential to enhance the current solution. This is achieved through the resolution
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of a pricing problem, which seeks out routes with negative reduced costs,

indicative of their ability to improve the incumbent solution. When fractional

solutions arise, B&P branches to create sub-problems [65].

Unlike B&B and B&C, B&P introduces new variables only as necessary,

thereby managing the problem's scale and complexity more e�ectively.

This selective variable inclusion keeps the overall problem size manageable,

enhancing computational performance. However, the method requires accurate

management of both the pricing problem for route generation and the master

problem for adjusting dual variables. The challenge is maintaining a balance in

the number of generated columns, introducing neither too many nor too few at

each stage. [133].

In recent VRP applications, B&P has demonstrated signi�cant adaptability

and e�ciency. It has been successfully employed in solving complex EVRP and

2E-EVRP variants. By leveraging parallel column generation, B&P algorithms

have shown a remarkable ability to handle the computational demands of these

problems, often outperforming competing solvers in speci�c instances [34, 191].

Additionally, in addressing the EVRP with time windows, the combination of

B&P with cutting-plane techniques has been instrumental for solving large-scale

instances that were previously unresolved [60].

1.3.1.4 Dynamic Programming (DP)

Dynamic Programming(DP) is a cornerstone technique in operations research,

particularly distinguished for its applicability to complex decision-making

problems that exhibit overlapping sub-problems and a recursive structure [21].

The essence of DP lies in its systematic approach to problem-solving: it

decomposes a large problem into smaller, manageable sub-problems, solves each

of these once, stores the results, and reuses these solutions to address overarching

problems.

Despite its e�ciency across various combinatorial optimization problems, DP

has limitations, particularly when applied to complex and large-scale problems

such as EVRPs. These limitations primarily arise from the exponential increase

in computational and storage demands associated with the rising dimensionality

of the problem. Such growth can make DP impractical for large EVRP instances.

Within the context of EVRPs, DP is generally employed to identify the optimal

strategy for EV charging station visits. Hiermann et al. [92] demonstrate this

application through the use of a bi-directional labeling algorithm to address the

Elementary Shortest Path Problem with Time Windows and Recharging Stations.

This methodological approach is also echoed in the works of Roberti et al. [155]
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and Desaulniers et al. [53], further underscoring the adaptability of DP in EVRP

solutions. Additionally, Küçüko§lu et al. [112] illustrate how DP can be integrated

within a hybrid simulated annealing and tabu search framework to e�ciently

generate charging operation plans

1.3.2 Construction Heuristics

Construction heuristics are simple, easy-to-implement algorithms for generating

feasible (although not necessarily optimal) solutions to VRPs. They are typically

used as a �rst step to obtain an initial solution, which can then be re�ned using

local search or other optimization techniques.

Construction heuristics o�er a more practical approach to solving VRPs,

especially when dealing with large datasets or intricate constraints characteristic

of EVRPs and 2E-VRPs. These heuristics build a solution incrementally, starting

from an initially empty solution and gradually adding elements to it. Techniques

such as the Greedy Heuristic, the Clarke-Wright Savings Algorithm, and the

Sweep Algorithm and Insertion Heuristics are typical examples [173]. While

they generally do not guarantee an optimal solution, construction heuristics are

valued for their simplicity, speed, and ability to provide good quality solutions

within a reasonable timeframe. This subsection explores various construction

heuristics, their strategic application in VRP variants, and how they balance

solution quality with computational e�ciency.

1.3.2.1 Greedy Heuristic (Nearest Neighbor Algorithm)

This heuristic is a simple approach where the idea is to serve the closest unvisited

customer next. Starting from the depot, the algorithm selects the nearest unvisited

customer, adds it to the current route, and repeats this process, within loading

capacity limits, until all customers are visited. A vehicle can usually only serve

a subset of the customers due to capacity constraints. When the vehicle reaches

its capacity or cannot accommodate any additional load, it returns to the depot

to complete its tour. The process continues with the vehicle starting a new tour

from the depot, targeting the next set of unvisited customers, until all customers

have been served. The solution construction process concludes when the vehicle

returns to the depot and no unvisited customer remains [159]. This approach

is straightforward and easy to implement, but it tends to generate suboptimal

solutions, especially for larger problems, as it does not consider the overall route

con�guration and may lead to routes that are considerably longer than necessary.
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1.3.2.2 Clarke-Wright Savings Algorithm

Proposed by Clarke and Wright in 1964 [41], this algorithm calculates the

"savings" for each pair of customers, which is de�ned as the cost saved by

serving both customers on the same route rather than on separate routes. The

algorithm then merges routes in decreasing order of savings, subject to capacity

and other constraints. The Clarke-Wright Savings Algorithm is one of the most

well-known heuristics for VRPs, but it tends to perform better on problems with

rather symmetric costs.

1.3.2.3 Sweep Algorithm

Developed by Gillett and Miller [78], this heuristic is based on the geometric

interpretation of the problem. It �rst orders the customers according to the angle

they make with respect to the depot and a �xed axis. Then it "sweeps" a line

around the depot, starting a new route whenever adding the next customer would

exceed the vehicle's capacity. The Sweep Algorithm is intuitive and particularly

useful when customers are dispersed in a circular manner around the depot, but

it may perform poorly for other types of customer distributions [173].

1.3.2.4 Insertion Heuristics

These algorithms start with initial routes containing single customers and

iteratively insert the unvisited customers into the routes where they cause the

smallest increase in cost. Di�erent versions exist, such as cheapest insertion

(which minimizes the cost increase), farthest insertion (which inserts the farthest

unvisited customer), and nearest insertion (which inserts the nearest unvisited

customer). Insertion heuristics are more �exible than the Greedy and Savings

algorithms and can perform well for various problem types, but they generally

still lead to sub-optimal solutions and may not perform well for larger problem

instances.

1.3.2.5 Randomized Heuristics

These algorithms combine deterministic construction rules with random choice,

aiming to explore di�erent parts of the solution space and avoid the basin of

attraction of local optima. They often involve constructing multiple solutions

and choosing the best one. Examples include randomized greedy algorithms

[154], which select the next customer to serve with a probability that depends

on the solution quality, and randomized insertion algorithms, which randomly

select the next customer to insert. Randomized heuristics can often �nd good
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solutions to complex problems, but they require careful tuning of their degree of

randomness.

1.3.2.6 Two-Phase Heuristics

These algorithms, such as those proposed in [18], �rst partition the customers

into clusters (phase one) and then determine the visiting order within each cluster

(phase two). The Route-First-Cluster-Secondheuristic constructs routes �rst and

then assigns them to vehicles, while the Cluster-First-Route-Secondheuristic �rst

clusters the customers and then creates a route for each cluster. Two-phase

heuristics can be quite e�ective, especially for larger problem instances, but their

performance is usually sensitive to the method used to partition the customers

and sequence the visits.

1.3.3 Metaheuristics

Metaheuristics [142] represent a sophisticated class of solution approaches,

particularly e�ective for large-scale instances of complex VRPs such ass the

EVRP and 2E-VRP. These methods are designed to explore the solution space

extensively, employing strategies to escape from local optima. Techniques under

this umbrella include Simulated Annealing, Tabu Search, Genetic Algorithms,

and Ant Colony Optimization, each with unique mechanisms to balance the

exploration and exploitation of the search process. Metaheuristicsare favored

for their �exibility and e�ectiveness in �nding high-quality solutions to complex

problems where exact methods are infeasible, and simple heuristics may fall short.

This subsection delves into various metaheuristic techniques, analyzing their

suitability for di�erent VRP scenarios and highlighting their role in advancing

the �eld of route optimization.

1.3.3.1 Simulated Annealing

Simulated Annealing(SA), introduced by Kirkpatrick et al. [107], is a metaheuristic

inspired by the annealing process in metallurgy. This process involves heating

and controlled cooling of materials to minimize structural defects. In the context

of combinatorial optimization problems, SA starts with an initial feasible solution,

often generated heuristically, and explores the solution space through random

moves (local search operators). Its de�ning feature is the probabilistic acceptance

of solutions with inferior objective function values compared to the current

solution, based on a 'temperature' parameter. This parameter is initialized

with a high value facilitating the occasional acceptance of sub-optimal solutions,
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and gradually decreases over time. This reduction diminishes the likelihood of

accepting solutions worse than the current one. This mechanism allows SA to

escape from local optima, enabling a comprehensive exploration of the solution

space.

A critical aspect of implementing SA in VRPs is the calibration of the

temperature parameter. Precise calibration is essential, as rapid cooling can lead

to premature convergence to sub-optimal solutions, while slow cooling might

require excessive computational time.

SA has been widely applied in the context of combinatorial optimization

problems, including various VRP variants [111]. However, within the scope of

EVRPs and their variants, SA is often hybridized with other metaheuristics [121,

146, 166].

1.3.3.2 Tabu Search

Tabu Search(TS) [79] is another example of a formidable metaheuristic framework

for addressing complex optimization problems. This method is distinguished

from conventional heuristic approaches through its innovative use of memory

structures to enhance problem-solving e�ciency. More speci�cally, TS explores

the solution space employing a tabu list to maintain a short-term memory of

attributes of previously evaluated solutions. This mechanism prevents cyclic

exploration and assists in overcoming local optima by prohibiting the algorithm

from revisiting recently seen solutions.

Central to TS's methodology are two pivotal strategies: intensi�cation,

achieved by always moving to the best non-tabu neighbor of the current solution,

and diversi�cation, achieved by determining a suitable tabu list length [80].

One of the most notable strengths of TS is its adaptibility, allowing it to tackle

complex and dynamic problem landscapes e�ectively. This adaptability makes

TS particularly suitable for VRPs, where the solution space is often rugged with

a huge number of local optima. However, the success of TS is heavily reliant

on the careful con�guration of its memory structures and strategic elements.

Determining the optimal length of the tabu list and the right balance between

intensi�cation and diversi�cation can be challenging and typically necessitates

empirical �ne-tuning.

The literature includes publications that present both standalone [1, 186]

and hybrid implementations of TS. For example, hybrid approaches incorporate

methods like Large Neighborhood Search with TS for solving variants of the

EVRP [163].
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1.3.3.3 Variable Neighborhood Search

Introduced by Hansen and Mladenovi¢, [89] Variable Neighborhood Search(VNS)

is �like TS� a trajectory-basedmetaheuristic approach. VNS is grounded in the

principle that a local optimum concerning one neighborhood structure is not

necessarily a local optimum for another one. It operates on the premise that

the global optimum is a local optimum relating to all possible neighborhood

structures. Therefore, unlike other local search algorithms, VNS employs

multiple neighborhood structures rather than relying on a single one to avoid

getting stuck in local optima.

The search process starts with an initial solution and iteratively explores

neighborhoods of increasing distance to escape from local optima. This involves

two main phases: local searchand shaking. The local search phase intensi�es the

focus on promising areas of the search space, while the shaking phase expands the

search to include more diverse and distant neighborhoods. This approach allows

VNS to dynamically adapt its search strategy, balancing between intensi�cation

and diversi�cation [88].

The algorithm's success largely depends on the strategic de�nition and

adaptation of neighborhood structures, which can be intricate and speci�c to

the problem at hand. The literature on VRP underscores VNS's adaptability and

its capability to address large-scale and dynamic problems, making it a preferred

method for these types of problems [99]. Furthermore, in EVRPs, VNS stands

out as one of the most frequently utilized solution approaches [113].

1.3.3.4 Large Neighborhood Search

Large Neighborhood Search(LNS) [171] is a powerful metaheuristic that is

particularly good at dealing with optimization problems for which large

neighborhoods can be de�ned.

One of the most successful LNS variants in the VRP �eld is the one based on the

partial destruction of the incumbent solution. Its key components are the utilized

destructionand repair mechanisms. The process begins with an initial solution,

possibly obtained through a heuristic approach. Then, the destructionphase

involves systematically removing a part of the solution. For example, in VRPs,

this could involve removing a group of customers from their planned routes or

getting rid of entire routes. The subsequent repairphase involves reconstructing

the destroyed solution by employing heuristics or exact methods. This iterative

process enables LNS to explore broader solution landscapes, avoiding being stuck

in local optima [148, 149].
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LNS and its variants such as Adaptive LNS (ALNS) [158], are highly e�ective

and adaptable metaheuristics that are well-suited for addressing complex

optimization problems. Their application to VRPs shows their tremendous

capacity for tailored problem-solving. LNS and ALNS have become very popular

and successful metaheuristics in the �eld of many combinatorial optimization

problems including EVRPs [128].

1.3.3.5 Evolutionary Algorithms

Evolutionary Algorithms (EAs) are inspired by the principles of natural evolution

and genetics [12]. EAs operate on a population of potential solutions, with

the quality of each solution evaluated using a �tness function. The algorithms

evolve the population over generations, using operators inspired by biological

mechanisms such as selection, crossover (recombination), and mutation. The

goal is to evolve solutions of increasing quality over time, ideally converging

towards a global optimum or, at the very least, a high-quality solution.

Genetic algorithms (GAs) are the most renowned under the broader umbrella

of EAs. Introduced by Holland in the early 1970s, GAs have since been widely

applied to solve complex optimization problems, including VRPs [94]. GAs

explicitly borrow concepts from biological genetics, operating on 'chromosomes'

that represent solutions and 'genes' that represent solution components. The

algorithm uses mechanisms such as 'crossover' (combining genes from two parent

solutions to create o�spring) and 'mutation' (randomly altering gene values) to

explore the search space.

Several studies have been conducted on the use of GAs for VRPs. Notable

among them is the work of [150], who proposed a GA with a speci�c crossover

operator for VRPs with time windows. Moreover, some of the applications of

GAs to EVRPs can be found in the following studies [102, 170, 198]

1.3.3.6 Particle Swarm Optimization

Particle Swarm Optimization (PSO), inspired by the social behavior of birds and

�sh, represents a swarm intelligence metaheuristic in the realm of optimization

algorithms [103]. PSO involves a swarm of particles navigating through the

solution space. Each particle embodies a potential solution characterized by

its position and a velocity. These particles adjust their trajectories based on

individual and collective experiences, e�ectively sharing information to guide

their search. The standard PSO algorithm combines elements of both the particle's

best-known position and the global best among the swarm, with a degree of
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randomness to maintain diversity [13].

Like all other metaheuristic algorithms, PSO does not require gradient

information. Its way of working is designed to avoid being trapped in local

optima, making it highly e�ective for problems with complex landscapes.

Moreover, its �exibility allows for easy adaptation to di�erent types of

optimization problems. However, PSO can face challenges, particularly in

high-dimensional spaces where it may struggle with premature convergence or

fail to explore the search space adequately. This limitation necessitates careful

tuning of parameters and potentially hybridizing PSO with other algorithms to

enhance its exploration capabilities [73].

Despite its origins in continuous optimization, PSO has been adapted for

discrete problems such as VRPs in several studies [37, 196, 197]. Typically, these

adaptations involve treating the search space as continuous and then discretizing

the solutions, translating real-value positions into integer values to obtain routes.

However, this approach only partially captures the unique aspects of the discrete

nature of VRPs. To address this gap, Gong et al. [83] developed a discrete variant

of PSO speci�cally for the VRP with time windows.

1.3.3.7 Ant Colony Optimization

Ant Colony Optimization (ACO) is a swarm intelligence algorithm inspired

by the short path-�nding behavior of ants. When searching for food, ants

use pheromone trails to locate the short paths between food sources and

their nest. ACO algorithms use this concept of stigmergic communication

to discover e�cient solutions in a decentralized approach by altering the

environment [24, 57].

In ACO, each "ant" produces a potential solution within the problem space,

marking its path with pheromone signals that guide subsequent ants towards

promising solutions. ACO learns iteratively by updating the pheromone levels

based on the solution's quality. By adopting a probabilistic construction of

solutions, guided by both pheromone levels and heuristic information, ACO

balances the exploration of new areas and the exploitation of known paths

e�ectively [24].

Some of the successful implementations of ACO to EVRPs can be found in the

following papers [130, 131, 195].
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1.3.3.8 Hybrid Approaches

The development of optimization techniques has witnessed an exponential

growth over recent decades, marked by an ever-increasing importance of heuristic

and metaheuristic approaches. These methods range from single-solution-based

algorithms to Swarm Intelligence and Evolutionary Algorithms. In addition, in

the last 20 years, a notable shift has been observed towards hybrid metaheuristics,

which integrate various algorithmic strategies to exploit the synergistic bene�ts

of di�erent approaches. This evolution is grounded in recognising the fact

that no single optimization strategy can universally outperform others across

all problem domains, as underscored by the No Free Lunch theorems [189].

Hybrid metaheuristics, therefore, aim to combine diverse algorithmic elements

to enhance solution quality and e�ciency [153].

Hybrid metaheuristics can be broadly categorized into two types:

those involving the exchange of algorithmic components among di�erent

metaheuristics and those integrating metaheuristics with operations research

(OR) or soft-computing and arti�cial intelligence (AI) techniques. The latter aims

to leverage the strengths of classical methods in conjunction with metaheuristic

strategies [26].

Within the EVRP domain [192], several studies exemplify the �rst category's

approach. Schneider et al. [166] developed a hybrid metaheuristic that combines

VNS and TS algorithms with a dynamic punishment mechanism for the

EVRP-TW. Similarly, Schneider et al. [167] introduced an Adaptive VNS that

merges VNS with an Adaptive LNS for the VRP with intermediate stops. Felipe

et al. [66] solved the EVRP model with partial recharges by combining SA

and iterated local search (ILS) algorithms. Hiermann et al. [92] addressed

large-scale instances of EVRP-TW and recharging stations by combining adaptive

large-scale neighborhood search with ILS. Keskin and Çatay [104] utilized the

solution acceptance mechanism of simulated annealing within the Adaptive

LNS framework for EVRP with partial recharges. Shao et al. [170] enhanced

local search e�ectiveness in a hybrid GA by incorporating GA with local search

strategies, crossover, mutation, and neighborhood-based gene modi�cations.

Hiermann et al. [93] re�ned this approach with a hybrid genetic algorithm (HGA)

for routing optimization, emphasizing local search for solution intensi�cation

and large neighborhood search as a mutation operator . Cortés-Murcia et al. [44]

employed a hybrid approach that leverages VNS and ILS techniques for solving

the EVRP-TW with partial recharges and satellite customers. Wang et al. [187]

integrated the Clarke-Wright Savings Algorithm, the Sweep Algorithm, and the

Multi-Objective PSO to solve the multi-depot green VRP.
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Concerning the second category, combining metaheuristics and exact

algorithms�known as matheuristics�have shown promise. This approach

hybridizes exact solution algorithms with metaheuristics or employs exact

optimization solvers within metaheuristic frameworks, merging the robustness

of mathematical programming with the e�ciency of metaheuristic algorithms.

Froger et al. [71] developed a two-stage matheuristic for solving the EVRP with

a nonlinear charging function and capacitated stations, starting with a pool of

routes generated by ILS and then assembling these routes using a B&B algorithm.

Çatay and Keskin [105] combined ALNS with an exact method for the EVRP-TW

and fast recharges. Bruglieri et al. [30] proposed a three-phase matheuristic for

the Time-e�ective EVRP with partial recharges, utilizing Mixed Integer Linear

Programs in the �rst two phases to generate feasible solutions, followed by a VNS

local Branching (VNSB) algorithm.

1.4 CMSA: Construct-Merge-Solve-Adapt

Despite the remarkable advancements in exact solution techniques such as DP

and mathematical programming�think of popular, high-performing tools such

as CPLEX1 and Gurobi 2�solving complex combinatorial optimization problems

using pure exact techniques still may require overly long computation times,

especially when considering large-sized problem instances. In those cases in

which exact techniques and general-purpose solvers fail to deliver good enough

solutions within a reasonable computation time, approximate techniques are

used to obtain such solutions in much lower computation times. To take

advantage of exact solvers, also in the context of large-sized problem instances,

recent years have seen a sharp increase in the number of hybrid algorithms that

combine approximate techniques and exact methods and tools. As explained

in the previous section in detail, the resulting algorithms are often called hybrid

metaheuristicsor matheuristics[67]. One of the recent hybrid algorithms in this

direction is �Construct, Merge, Solve & Adapt� (CMSA) [27].

At its core, the CMSA algorithm operates on the principle of reducing

the original problem instance to smaller, more manageable sub-instances that

potentially contain high-quality solutions to the original problem instance. This

reduction enables the application of exact mathematical programming solvers to

these sub-instances with a signi�cantly reduced computational e�ort. In this line,

CMSA consists of four main steps. Initially, a set of solutions is probabilistically

1https://www.ibm.com/analytics/cplex-optimizer
2http://www.gurobi.com/
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constructed using, for example, heuristic methods. Next, components of these

solutions are then merged to form a sub-instance. In other words, the search space

is reduced before the exact solver is applied. Then, the exact solver is applied to

possibly �nd a best solution to the current sub-instance. Finally, the sub-instance

is adapted based on this solution, ensuring the algorithm's iterative re�nement,

leveraging feedback from the solver's output to inform future iterations, and

progressively enhancing the solution quality. The algorithm then proceeds with

the subsequent iteration until the stopping condition is met.

The CMSA algorithm has demonstrated its versatility and e�ectiveness across

a multitude of combinatorial optimization problems. Notable applications

include, but are not limited to, the maximum happy vertices problem [118],

cooperative route planning for air-ground robots [10], and the strategic refueling

and maintenance planning for nuclear power plants [61]. These implementations

show CMSA's adaptability to various contexts, from logistics and transportation

to energy management and software testing, underlining its utility in solving

real-world problems with complex constraints and requirements.

CONSTRUCT

MERGE

SOLVE

ADAPT

Fig. 1.9CMSA Framework

Recent studies have further expanded the applicability of CMSA, addressing

challenges such as taxi sharing optimization [22] and the multidimensional

multi-way number partitioning problem [55]. These improvements show how

the CMSA algorithm continues to evolve and adjust to work well across di�erent
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types of problems, con�rming its importance as a key method in the range of

hybrid metaheuristic strategies.

1.5 Thesis Contributions

This thesis is established at the intersection of two pivotal research areas within

the �eld of combinatorial optimization, explicitly focusing on the algorithmic

advancement of the solution approaches and the development of comprehensive

routing models for sustainable urban logistics. These dual research pathways

signi�cantly contribute to both the theoretical framework and the practical

applications of the algorithms for the route optimization of logistics distribution,

particularly in contexts that prioritize environmental sustainability.

The algorithmic contributions primarily involve enhancing and applying the

CMSA algorithm, particularly through the development of a self-adaptive variant

known as Adapt-CMSA. This variant was developed in response to the recognized

challenge of parameter sensitivity in metaheuristics, where performance for

speci�c instances strongly depends on parameter settings. The introduction of

Adapt-CMSA aims to reduce this sensitivity, ensuring robust performance across

various problem sizes and complexities without the need for speci�c parameter

re-tuning. This adaptation is crucial as it allows for a more consistent application

across di�erent scenarios, which was particularly evident in its application to the

Minimum Positive In�uence Dominating Set problem, where it outperformed

the standard CMSA by adjusting its parameters dynamically, thereby enhancing

e�ciency and scalability.

From the modelling and application perspective, the thesis addresses the

formulation of complex routing problems that re�ect real-world scenarios in

sustainable urban logistics. It introduces models for EVRPs and 2E-EVRPs,

integrating critical constraints such as time windows, simultaneous pickups

and deliveries, and scenarios allowing partial battery charging. Additionally,

the thesis goes beyond traditional distance minimization objective functions

to the one considering energy-minimization. Primarily employing CMSA and

Adapt-CMSA, along with a range of heuristic and metaheuristic approaches like

constructive heuristics, VNS, and ACO, the thesis e�ectively addresses and solves

the addressed complex EVRP and 2E-EVRP variants.

In this line, the key contributions can be summarized as follows:

ˆ The �rst major contribution of this work is the development of Adapt-CMSA.

This advancement was inspired by our initial application of standard CMSA

to the Minimum Positive In�uence Dominating Set(MPIDS) problem�an
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NP-hard yet comparatively simpler problem than EVRPs and 2E-EVRPs.

This initial study allowed for an in-depth analysis of CMSA's performance

and behavior on a simpler combinatorial optimization problem. The

experimental analysis revealed that while standard CMSA outperformed

existing metaheuristics and was competitive with CPLEX for small to

medium-sized instances, its performance degraded on the largest problem

instances. In these cases, even the generated sub-instances were too large

for the ILP solver to solve e�ciently within the allocated time. This

highlights a critical limitation in scalability and parameter sensitivity. This

observation led to the conceptualization of Adapt-CMSA, designed to

dynamically adjust its parameters, thus reducing the need for extensive

parameter tuning across di�erent problem sizes. The development of

Adapt-CMSA directly addressed these scalability issues, demonstrating

enhanced performance and robustness compared to the standard version.

In the experimental study on the MPIDS problem, Adapt-CMSA not only

alleviated the limitations observed with standard CMSA but also showed

remarkable adaptability to various instance sizes without requiring speci�c

parameter adjustments. This feature makes it particularly suitable for more

complex routing problems such as EVRPs and 2E-EVRPs, as evidenced

by its subsequent applications across di�erent variants of these problems

throughout the thesis.

ˆ Our second major contribution involves the application of Adapt-CMSA to

the Electric Vehicle Routing Problem with Time Windows, Simultaneous Pickup

and Delivery, and Partial Battery Charging(EVRP-TW-SPD-PR). Two distinct

versions of Adapt-CMSA have been introduced. Both versions di�er from

each other in terms of the solution and sub-instance representation and

in terms of the ILP model used for solving the sub-instances. The �rst

version, referred to as Adapt- Cmsa-Std, employs an assignment-type ILP

model, which represents solutions as lists of edges between nodes. This

model often struggles to provide good lower bounds [9]. The computational

experiments also showed that it may fail to �nd feasible solutions within

reasonable computation times, even for smaller sub-instances. In response

to these limitations, we introduced a second variant of Adapt-CMSA,

utilizing a set-covering ILP model (Adapt- Cmsa-SetCov). This model

represents solutions as sets of valid vehicle tours, aiming to select the

most promising tours from a set of feasible tours to cover all customer

demands. Furthermore, both variants made use of two construction

heuristics based on the Clarke-Wright Savings algorithm and the sequential
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insertion algorithm to generate solutions. Comparative analyses showed

that Adapt- Cmsa-SetCov consistently outperforms Adapt- Cmsa-Std in

terms of best and average solution quality. To validate the robustness

of our approach, Adapt- Cmsa-SetCov was also benchmarked against

various VNS variants from existing literature on a reduced version of the

addressed problem, the EVRP-SPD. The results demonstrated the superior

performance of Adapt- Cmsa-SetCovacross all evaluated problem instances.

ˆ The third major contribution addresses the Two-Echelon Electric Vehicle

Routing Problem with Simultaneous Pickup and Delivery(2E-EVRP-SPD). This

problem introduces a novel challenge by integrating simultaneous pickup

and delivery operations within the two-echelon distribution framework,

a complexity yet to be fully explored in the existing literature. The

problem is formulated both by an assignment-type MILP model and a

set-covering-based MILP model. Given its complexity, traditional solvers

like CPLEX struggle even for smaller instances. To tackle this, Adapt-CMSA,

which utilizes the set-covering-based MILP model for solving sub-instances,

was employed to solve the addressed problem. Probabilistic versions of

two construction heuristics based on Clarke-Wright Savings and sequential

insertion algorithms were also implemented.

ˆ The fourth key contribution centres on the application area of

the Two-Echelon Electric Vehicle Routing Problem with Time Windows

(2E-EVRP-TW). This contribution entails the development of two distinct

versions of VNS. A node-based three-index MILP model was initially

formulated to precisely de�ne the problem. Despite the ability of

CPLEX to handle smaller instances, the complexity of larger scenarios

necessitated a more robust and e�cient solution approach. The proposed

VNS algorithms utilize an initial solution generation method based

on the Clarke-Wright Savings Algorithm adapted to the 2E-EVRP-TW's

problem-depended characteristics. Extensive neighbourhood search

techniques also complemented this approach. In addition to the classical

shaking and local search operators, the algorithm utilizes LNS operators

known as �destroy and repair�, resp. �removal and insertion�, to enhance

the performance of VNS. Additionally, to support the empirical evaluation,

new problem-speci�c benchmark sets were generated, addressing the gap

in available resources for this complex problem.

ˆ The �nal signi�cant contribution of this thesis is the development and

analysis of the Electric Vehicle Routing Problem with Road Junctions and Road
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Types(EVRP-RJ-RT). This novel problem variant extends the traditional

scope of EVRPs by incorporating real-world complexities in the logistics

network, such as varied road types and additional road junctions that

impact electric vehicles' routing and energy consumption. Recognizing

the environmental impact of road transport, this study not only enhances

the realism of routing models but also contributes directly to sustainable

urban logistics by optimizing the energy consumption of electric vehicles.

To e�ectively tackle this complex problem, we have formulated the

EVRP-RJ-RT as a Mixed Integer Nonlinear Programming (MINLP) model,

accommodating unique constraints that re�ect the complexity of urban

tra�c and road layouts. To solve the EVRP-RJ-RT, two heuristic approaches

were utilized. Initially, a modi�ed Clarke-Wright Savings method was

employed to construct initial feasible routes e�ciently. Following this, an

Ant Colony Optimization algorithm based on the MAX-MIN Ant System

was applied to re�ne these solutions and explore the solution space more

thoroughly. This metaheuristic approach not only demonstrated substantial

improvements in solution quality over basic heuristics but also showed

promise in handling the nonlinear aspects of the problem related to energy

consumption and route feasibility in complex urban settings. Additionally,

we have developed a set of new problem instances speci�cally designed to

test the e�ciency of the proposed solution approaches.

1.6 The Organization of This Thesis

This thesis report is organized as follows:

ˆ Chapter 1 provides the foundational background and sets the stage for

the ensuing discussion. It begins with a detailed overview of VRPs,

emphasizing the distinctive challenges and characteristics of EVRPs and

2E-VRPs, as well as their amalgamation into the 2E-EVRPs. The chapter then

outlines a range of existing solution approaches for VRPs, including exact

solution methodologies and various heuristic and metaheuristic strategies,

culminating in a discussion on hybrid approaches. This exposition lays the

groundwork for understanding the complexities and nuances of the VRPs

tackled in this thesis.

ˆ Chapter 2 describes the algorithmic framework of CMSA and its

self-adaptive variant, Adapt-CMSA, contextualized by means of binary

integer linear programming (ILP) models of CO problems. This chapter
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establishes a foundational understanding of the algorithmic strategies

employed in later chapters, providing a general description of the methods

and their application to combinatorial optimization problems modelled as

binary ILPs, a category encompassing numerous NP-hard problems.

ˆ Chapter 3 shows the application of CMSA and Adapt-CMSA to the

Minimum Positive In�uence Dominating Set (MPIDS) problem, o�ering

insights into the comparative advantages of Adapt-CMSA over standard

CMSA. This chapter also re�ects on the broader applicability of

Adapt-CMSA in various problem contexts, supported by a detailed

experimental analysis.

ˆ Chapter 4 focuses on applying Adapt-CMSA to the Electric Vehicle

Routing Problem with Time Windows, Simultaneous Pickup and Delivery,

and Partial Battery Charging (EVRP-TW-SPD-PR), a complex problem

variant incorporating real-world constraints. The chapter discusses the

development of two Adapt-CMSA variants, their performance comparison,

and the challenges of solving such intricate problems with conventional

methods.

ˆ Chapter 5 extends the application of Adapt-CMSA to the Two-Echelon

Electric Vehicle Routing Problem with Simultaneous Pickup and Delivery

(2E-EVRP-SPD), a problem characterized by its multi-tier distribution

network. The chapter provides a comprehensive analysis of Adapt-CMSA's

e�ectiveness in this context, juxtaposing it against both exact and heuristic

solution methods.

ˆ Chapter 6 explores the application of a VNS algorithm to the Two-Echelon

Electric Vehicle Routing Problem with Time Windows (2E-EVRP-TW),

presenting an innovative approach to a complex routing problem. The

chapter o�ers insights into the algorithm's e�ectiveness and its comparative

performance against other solution methods.

ˆ Chapter 7 introduces an enhanced EVRP model (EVRP-RJ-RT),

incorporating real-world complexities like road junctions and road types.

The chapter details the application of construction heuristics and ACO to

tackle this advanced model, highlighting the e�cacy of these methods in

managing the added layers of complexity.

ˆ Chapter 8 concludes the thesis with a comprehensive summary of the

�ndings and contributions, followed by an outlook section that sketches



Section 1.7 Publications Derived from this Thesis 33

the potential future directions and applications of the research presented.

This chapter provides a holistic view of the thesis, tying together the various

strands of research and suggesting pathways for further exploration in the

�eld.

1.7 Publications Derived from this Thesis

Most of the results presented in this thesis have already been published, as

indicated in the list below.

1. Mehmet An�l Akbay and Christian Blum. Application of CMSA to the

Minimum Positive In�uence Dominating Set Problem. In Proceedings of the

23rd International Conference of the Catalan Association for Arti�cial Intelligence,

CCIA-2021, IOS Press, Arti�cial Intelligence Research and Development,

pages 17�26, 2021. (https://doi.org/10.3233/FAIA210112 ).

2. Mehmet An�l Akbay , Albert López Serrano, and Christian Blum. A

Self-Adaptive Variant of CMSA: Application to the Minimum Positive

In�uence Dominating Set Problem. In International Journal of Computational

Intelligence Systems, vol 15, number 1, pages 1�13, 2022. (https://doi.or

g/10.1007/s44196-022-00098-1 ). [Impact Factor 2022: 2.9 (JCR)]

3. Mehmet An�l Akbay , Can B. Kalayci, Christian Blum, and Olcay Polat.

Variable Neighborhood Search for the Two-Echelon Electric Vehicle Routing

Problem with Time Windows. Applied Sciences, vol 12, number 3, pages 1014,

2022. (https://doi.org/10.3390/app12031014 ). [Impact Factor 2022: 2.7

(JCR)]

4. Mehmet An�l Akbay , Can B. Kalayci, Christian Blum. Application of CMSA

to the Electric Vehicle Routing Problem with Time Windows, Simultaneous

Pickup and Deliveries, and Partial Vehicle Charging. In Proceedings of

the Metaheuristics International Conference, Lecture Notes in Computer Science,

pages 1�16, 2022. (https://doi.org/10.1007/978-3-031-26504-4_1 ).

5. Mehmet An�l Akbay , Can B. Kalayci, Christian Blum. Application

of Adapt-CMSA to the Two-Echelon Electric Vehicle Routing Problem

with Simultaneous Pickup and Deliveries. Proceedings of EvoCOP 2023

� 23rd European Conference on Evolutionary Computation in Combinatorial

Optimization (Part of EvoSTAR), Lecture Notes in Computer Science, pages

16-33, 2023. (https://doi.org/10.1007/978-3-031-30035-6_2 ). [CORE

B conference]
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6. Mehmet An�l Akbay , Can B. Kalayci, Christian Blum. Application of

Adapt-CMSA to the Electric Vehicle Routing Problem with Simultaneous

Pickup and Deliveries. Extended Abstract of EUROCAST 2024 � 19th

International Conference on Computer Aided Systems Theory, pages 16-18, 2024.

[Conference website: https://eurocast2024.fulp.ulpgc.es/ ]

7. Mehmet An�l Akbay , Can B. Kalayci, Christian Blum. Application of

Adapt-CMSA to the Electric Vehicle Routing Problem with Simultaneous

Pickup and Deliveries. Selected to be included in Proceedings of the 19th

International Conference on Computer Aided Systems Theory, Lecture Notes in

Computer Science. [Conference website: https://eurocast2024.fulp.ul

pgc.es/ ]

8. Mehmet An�l Akbay , Christian Blum, Michella Saliba. The Electric Vehicle

Problem with Road Junctions and Road Types: An Ant Colony Optimization

Approach Proceedings of GECCO 2024 � The Genetic and Evolutionary

Computation Conference. (https://doi.org/10.1145/3638529.3653997 ).

[CORE A conference]

9. Mehmet An�l Akbay and Christian Blum. Two Examples for the Usefulness

of STNWeb for Analyzing Optimization Algorithm Behavior. In Proceedings

of the Metaheuristics International Conference, Lecture Notes in Computer Science,

2024. (https://doi.org/10.1007/978-3-031-62922-8_25 ).

10. (2nd. Reviewing Round) Mehmet An�l Akbay , Christian Blum, Can B.

Kalayci. CMSA Based on Set Covering Models for Packing and Routing

Problem. Submitted to Annals of Operations Research. [Impact Factor 2022:

4.8 (JCR)]
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CHAPTER 2

CMSA: GENERAL DESCRIPTION OF THE ALGORITHMIC

FRAMEWORK

2.1 Introduction

This chapter provides a general description of the algorithmic framework of

CMSA and the self-adaptive variant of CMSA developed in this thesis, henceforth

labeled Adapt-CMSA. The description in this chapter is provided in the context

of CO problemsthat can be modeled in terms of binary ILPs. For the description

of both CMSA variants, we assume to be tackling a CO problem which can be

modeled in terms of an ILP where f () is the objective function to be minimized,

and x i 2 f 0; 1g (i = 1; : : : ; n) is the set of binary decision variables used to

model the objective function and the constraints of the problem. Note that many

NP-hard CO problems fall into this category of problems. Examples include the

well-known traveling salesman problem (TSP) and the quadratic assignment

problem (QAP), just to name two emblematic problems.

2.2 CMSA: The Baseline Algorithm

In the general case as described above, we introduce a solution component

c0
i and a solution component c1

i for each binary variable x i , i = 1; : : : ; n.

Hereby, c0
i corresponds to x i = 0, while c1

i corresponds to x i = 1. Moreover,

C = f c0
1; : : : ; c0

n ; c1
1; : : : ; c1

ng is the complete set of 2n solution components. Any

candidate solutionS is a subset of C with jsj = n. In addition, it is required that

S contains exactly one of the two components c0
i and c1

i for each i = 1; : : : ; n.

Finally, a candidate solution S is a valid solution if it ful�ls all the constraints of

the tackled problem.

2.2.1 Standard CMSA
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Algorithm 2.1 Pseudo-code of standard CMSA

1: input 1: input graph G and the set of solution components C
2: input 2: values for CMSA parameters na, agemax , and t ILP

3: input 3: values for solution construction parameters drate , lsize

4: Sbsf := GenerateGreedySolution(C)
5: C0 := Sbsf

6: age[c] := 0 for all c 2 C
7: while CPU time limit not reached do
8: for i := 1; : : : ; na do
9: S := ProbabilisticSolutionConstruction(C, lsize, drate )

10: for all c 2 S and c =2 C0do
11: age[c] := 0
12: C0 := C0 [ f cg
13: end for
14: end for
15: S0

opt := SolveSubinstance(C0, t ILP )
16: if f (S0

opt ) < f (Sbsf) then Sbsf := S0
opt end if

17: Adapt(C0, S0
opt , agemax )

18: end while
19: output: Sbsf

Algorithm 2.1 provides the pseudo-code of a standard CMSA for binary

optimization problems. Note that all functions in the pseudo-code are indicated

with a special font as, for example, in GenerateGreedySolution(C). This function

is used to initialize the best-so-far solution Sbsf with the solution generated by

a greedy algorithm. This is done at the start of the algorithm. Moreover, the

sub-instance C0, which is solved by an ILP solver at each iteration, is initialized

to Sbsf . Note that, alternatively, Sbsf might be initialized to null and C0 to the

empty set. Each solution component c 2 C maintains a so-called age valueage[c].

These age values are all initialized to zero. Note that the purpose of the age

value of a solution component c is to count the number of consecutive CMSA

iterations for which c forms part of C0, without being included in the ILP-solution

to the reduced problem instance generated on the basis of C0. At each iteration,

CMSA iterates through four algorithmic steps. In the construct step, na valid

solutions to the tackled problem are probabilistically constructed in function

ProbabilisticSolutionConstruction(C, lsize, drate ). In the mergestep, those solution

components that (1) are found in at least one of the constructed solutions from

the constructstep, and (2) do currently not form part of C0, are added to C0 and

their age value is set to zero. Next, the solvestep �rst generates a reduced problem

instance on the basis of C0, which is done by adding�for all i = 1; : : : ; n�the

following constraints to the original ILP model of the tackled problem:



Section 2.3 Self-Adaptive CMSA 37

1. If c0
i 2 C0and c1

i =2 C0: add constraint x i = 0 to the ILP model

2. If c0
i =2 C0and c1

i 2 C0: add constraint x i = 1 to the ILP model

Note that, the more of these constraints are added to the original ILP, the smaller

is the search space of the resulting sub-instance. Afterwards the extended ILP

is solved in function SolveSubinstance(C0, t ILP ), for example, by the application

of an ILP solver with a CPU time limit of t ILP seconds. Note that a variable x i

is only free in the extended ILP, if both solution components c0
i and c1

i form

part of C0. Note also that the output of function SolveSubinstance(C0, t ILP )

is�due to the computation time limit�not necessarily an optimal solution to

the extended ILP. In those cases in which f (S0
opt ) < f (Sbsf), the output of function

SolveSubinstance(C0, t ILP ) is set asSbsf . Finally, in the adaptstep, sub-instanceC0

is adapted in function Adapt(C0, S0
opt , agemax ) depending both on S0

opt and on the

age values of the solution components. This is done by increasing the age values

of all components in C0n S0
opt by one, and by re-initialising the age values of all

components in S0
opt to zero. The �nal action in the adaptstep consists in removing

all those components from C0whose age value has reached the maximum allowed

age of agemax . This is done in order to prevent components that never appear in

S0
opt to slow down the ILP solver in subsequent iterations. Figure 2.1 graphically

summarizes the algorithm structure and components.

2.3 Self-Adaptive CMSA

Overly high sensitivity to changes in parameter values is a recognized problem

in research on metaheuristics [176]. A metaheuristic is generally said to be

parameter sensitiveif (1) the algorithm performance for speci�c instances or

instance groups strongly depends on the parameter values and if (2) the required

parameter values for di�erent instances or instance groups are rather di�erent

from each other. Unfortunately, such high sensitivity to parameter values

was observed in some applications of CMSA in the literature, including the

preliminary application to the NP-hard CO problem known as the minimum

positive in�uence dominating set(MPIDS) problem [2]. Therefore, a self-adaptive

variant of CMSA, named Adapt-CMSA, is developed with the aim of obtaining

an algorithm less sensitive to parameter values. The obtained results from

the experiments conducted in Chapter 3 demonstrate that Adapt-CMSA has

several advantages over standard CMSA in the context of the MPIDS problem.

Firstly, Adapt-CMSA does not require speci�c parameter tuning for subsets of the

considered benchmark set. After a single parameter tuning session, Adapt-CMSA
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Algorithm 2.2 Pseudo-code of self-adaptive CMSA: Adapt-CMSA

1: input 1: input graph G and the set of solution components C
2: input 2: values for CMSA parameter tprop , t ILP

3: input 3: values for solution construction parameters � LB , � UB , � red

4: Sbsf := GenerateGreedySolution(C)
5: na := 1; � bsf := � UB ; C0 := Sbsf

6: while CPU time limit not reached do
7: for i := 1; : : : ; na do
8: s := ProbabilisticSolutionConstruction(C, Sbsf , � bsf)
9: C0 := C0 [ s

10: end for
11: (S0

opt ; tsolve) := SolveSubinstance(C0, t ILP ) {This function returns two objects:
(1) the obtained solution ( S0

opt ), (2) the required computation time ( tsolve)}
12: if tsolve < t prop � t ILP and � bsf > � LB then � bsf := � bsf � � red end if
13: if f (S0

opt ) < f (Sbsf) then
14: Sbsf := S0

opt
15: na := 1
16: else
17: if f (S0

opt ) > f (Sbsf) then
18: if na = 1 then � bsf := min f � bsf + � red

10 ; � UB g else na = 1 end if
19: else
20: na := na + 1
21: end if
22: end if
23: C0 := Sbsf

24: end while
25: output: Sbsf

performs well across the entire benchmark set, containing instances of varying

sizes. Secondly, Adapt-CMSA signi�cantly outperforms standard CMSA in the

context of large networks, where even specialized tuning does not enable CMSA

to compete with Adapt-CMSA. We expect a similar advantage of Adapt-CMSA

over standard CMSA in most applications where standard CMSA shows high

parameter sensitivity.

The pseudo-code of self-adaptive CMSA (Adapt-CMSA) is provided in

Algorithm 2.2. The �rst noticeable di�erence to standard CMSA is the absence of

the age values. This is because Adapt-CMSA works with a �xed maximum

age of one, that is, after each iteration all solution components apart from

those that form part of the best-so-far solution Sbsf are removed from the

sub-instance C0 (see line 23). Another di�erence can bee seen in function

ProbabilisticSolutionConstruction(C, Sbsf , � bsf) for the probabilistic generation of

solutions at each algorithm iteration (see line 8). Note that this latter function

receives, apart from the set of all possible solution components (C), the currently



40 Chapter 2 General Description

best-so-far solution Sbsf and a parameter � bsf (where 0 � � bsf < 1) as input.

This parameter biases the construction of new solutions towards the best-so-far

solution Sbsf . More speci�cally, the higher the value of � bsf , the higher will be the

similarity of the solutions constructed in ProbabilisticSolutionConstruction(C, Sbsf ,

� bsf) to Sbsf .

The dynamic change of the value of � bsf is one of the aspects that is handled

in a self-adaptive way in Adapt-CMSA. First of all, Adapt-CMSA requires a lower

bound � LB and an upper bound � UB for the value of � bsf as input. Moreover, the

step size � red for the reduction of � bsf must also be given as input. Adapt-CMSA

starts with setting � bsf to the highest possible value � UB ; see line 5.1 In case

the resulting ILP can be solved in a computation time tsolve which is below a

proportion tprop of the maximally possible computation time t ILP , the value of � bsf

is reduced by � red; see line 12. The rationale behind this step is the following one.

In case the resulting ILP can be solved easily, the search space of the ILP is too small

due to a rather low number of free variables. In order to have more free variables

in the ILP, the solutions constructed in ProbabilisticSolutionConstruction(C, Sbsf ,

� bsf) should be more di�erent to Sbsf , which can be achieved by reducing the

value of � bsf .

The second aspect, which is handled in a self-adaptive way in Adapt-CMSA,

is the number of solution constructions per iteration ( na); see lines 13-22. The

algorithm starts with a value of na = 1; see line 5. Moreover, in case the solution of

the reduced ILP (S0
opt ) improves over the best-so-far solution Sbsf , na is set back to

one; see line 15. If, however, the solution of the reduced ILP (S0
opt ) is strictly worse

than the best-so-far solution Sbsf , the corresponding sub-instance was clearly too

large and/or complex in order to be solved by the ILP solver within t ILP seconds.

In this case, if na = 1 the value of � bsf is slightly increased (by � red
10 ); resp. na

is set back to one, otherwise. In the remaining case (f (S0
opt ) = f (Sbsf)), na is

incremented by one; see line 20. This is done because the sub-instance did not

contain a better solution than Sbsf . At the same time, the sub-instance was solved

within the allowed computation time of t ILP seconds, which means that the size

of the sub-instance should be increased.

Finally, note that functions SolveSubinstance(C0, t ILP ) are exactly the same in

both version of CMSA (standard CMSA and Adapt-CMSA).

The Figure 2.2 graphically summarizes the algorithm structure and

components of the Adapt-CMSA and highlights its di�erence from the standard

CMSA.

1Remember that this means that solutions constructed in this way will be more similar to Sbsf

than with lower values of � bsf .
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CHAPTER 3

APPLICATION of ADAPT-CMSA TO THE MINIMUM

POSITIVE INFLUENCE DOMINATING SET PROBLEM

3.1 Introduction

This chapter demonstrates the application of CMSA and Adapt-CMSA to the

so-called Minimum Positive In�uence Dominating Set(MPIDS) problem [182, 183].

The content shown in this chapter was also presented in our papers [2, 4] that

were published in the proceedings of CCIA 2021: The International Conference

of the Catalan Association for Arti�cial Intelligence(https://doi.org/10.323

3/FAIA210112) and in the International Journal of Computational Intelligence

Systems (https://doi.org/10.1007/s44196-022-00098-1 ). The obtained

results show that Adapt-CMSA has several advantages over standard CMSA in

the context of the MPIDS problem. First, Adapt-CMSA does not require speci�c

parameter tuning for subsets of the considered benchmark set. After applying

parameter tuning once, Adapt-CMSA works very well for the whole benchmark

set containing instances of very di�erent sizes. Second, Adapt-CMSA clearly

outperforms standard CMSA in the context of large networks for which even

a specialized tuning does not enable CMSA to compete with Adapt-CMSA. We

would expect a similar advantage of Adapt-CMSA over standard CMSA in most

applications in which standard CMSA shows a high parameter sensitivity.

3.2 The Minimum Positive Influence Dominating Set Problem

The MPIDS problem is an NP-hard combinatorial optimization problem with

applications in the context of social networks. Each vertex in such a network

represents an individual�that is, a person�and edges indicate relationships,

respectively interactions, between those individuals. The background of the

MPIDS problem is that information propagated in social networks can have a

signi�cant, either positive or negative, impact on the respective parts of society.

From social norms theory, it is known that the behavior of individuals can be
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a�ected by the perception of others' thoughts and behaviors [69]. This makes

it possible to exploit the relationships among people in social networks in

order to obtain great bene�ts for both the economy and society. The aim of the

MPIDS problem is to identify a small subset of in�uential individuals (or key

individuals) in order to accelerate the spread of positive in�uence in a social

network [86, 123]. Alternative applications of the MPIDS problem can be found

in e-learning software [184], online business [151], drinking, smoking, and other

drug-related problems [182].

From an algorithmic point of view, the e�orts of the research community

initially focused on the development of well-working greedy heuristics [28,

38, 64, 144, 152, 183]. In fact, until 2021, the best available approach was

a greedy method from [28]. The development of successful metaheuristic

approaches seemed much harder. This is shown by the results of the �rst two

metaheuristics�an ILP-based memetic algorithm [119] and an algorithm based

on swarm intelligence [120]�whose results are inferior to the greedy approach

from [28]. The �rst metaheuristic that was able to improve over [28] is the iterated

carousel approach from [169]. Finally, the currently best metaheuristic is the

following one: a negative learning ant colony optimization approach from [168].

3.2.1 ILP Model for the MPIDS

In technical terms, the MPIDS problem can be described as follows. Given a

simple,1 connected, undirected graph G = ( V; E), the problem requires �nding

a subsets� of V of minimum cardinality such that the following two conditions

are ful�lled:

1. s� is a dominating set of G. Remember that a subsets � V of the vertices of

an undirected graph G is called a dominating set, if and only if each vertex

v 2 V forms either part of s or has at least one neighbor that forms part of s.

2. At least half of the neighbors of each vertex v 2 V form part of s� .

Note that the MPIDS problem can easily be stated in terms of an ILP. The

1A simple graph does neither contain self-loops nor parallel edges



Section 3.3 Application to the MPIDS problem 45

(a) A simple connected
undirected graph

(b) A dominating set (c) A positive in�uence
dominating set

Fig. 3.1An illustrative example of the MPIDS problem. Red vertices form part of
the solution.

model is based on a binary variable x i for each vertex vi 2 V.

Minimize
nX

i =1

x i (3.1)

Subject to
X

vj 2 N (vi )

x j �
�

deg(vi )
2

�
8vi 2 V (3.2)

x i 2 f 0; 1g (3.3)

Hereby, N (vi ) is the neighborhood of vi in input graph G, and deg(vi ) is the

degree of vertex vi , where deg(vi ) := jN (vi )j. Equation (3.2) ensures that a feasible

solution contains at least half of the neighbors of each vertex vi 2 V.

In the context of the CMSA algorithms outlined in the next section, a valid

solution s 2 V is represented as a setS of solution components that contains

component c1
i for each vi 2 s and component c0

i for each vi 2 V ns. Moreover, the

objective function value of a CMSA-solution S is de�ned via its corresponding

set solution s, that is, f (S) := jsj. Note that s := V is a trivial solution to the

problem.

3.3 Application to the MPIDS problem

This section outlines the application of CMSA and Adapt-CMSA to the MPIDS

problem by highlighting the core di�erences of both approaches.

First of all, the only problem-dependent part of both standard

CMSA and Adapt-CMSA is the construction of feasible solutions.
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At each iteration of the algorithm, solutions are constructed in

ProbabilisticSolutionConstruction(C, lsize, drate ) in the case of CMSA, respectively in

function ProbabilisticSolutionConstruction(C, Sbsf , � bsf) in the case of Adapt-CMSA.

Both functions make use of the solution construction mechanism of the greedy

procedure from [28]. They only di�er in the way in which this procedure is

made probabilistic. For the following discussion, remember that a vertex v 2 V

is called coveredwith respect to a (partial) solution s if and only if at least half of

its neighbors form part of s. In the opposite case,v is labeled asuncovered.

The solution construction mechanism utilized by both functions is shown in

Algorithm 3.1. First, each solution s to be constructed is initialized by a set

spar � V of nodes that must form part of an optimal solution; see line 3. Note

that spar is obtained by the application of a pre-processing procedure described

in [28]. Then, at each step of the solution construction mechanism, the following

is done. First, the set of all uncovered vertices with respect to (partial) solution s

is determined; see line 5. This set is labeledU. Second, a nodev 2 U such that

deg(v) � deg(v0) for all v0 2 U is selected (line 6). Third, nodes from N (v) n s are

iteratively added to s while jN (v) \ sj <
l

deg(v)
2

m
; see lines 7-10. Hereby, exactly

one vertex from N (v) n s is selected by function ChooseFrom(N (v) n s) at each

entry of the while loop.

In standard CMSA, function ChooseFrom(N (v) ns) is implemented as follows.

At �rst, a candidate list L is created. This list includes all vertices v0 2 N (v) n s.

Each vertex v0 in L is characterised by its cover degreecov_deg(v0), which is the

number of uncovered adjacent vertices of v0. Note that vertices in L are sorted

according to a non-increasing cover degree value. Then, a uniform random

number r is generated from the interval [0; 1]. If r � drate (where drate is the

so-called determinism rate) the vertex with the highest cover degree is selected

and added to s. Otherwise, a vertex is selected randomly from the restricted

candidate list which contains the �rst lsize vertices of L. Hereby, lsize is the size of

the restricted candidate list. All vertices in the restricted candidate list have an

equal probability 1
lsize

of being selected.

In contrast, in Adapt-CMSA, function ChooseFrom(N (v) n s) is implemented

in the following way. First, each vertex vi 2 N (v) ns such that c1
i 2 Sbsf �that is, vi

forms part of the best-so-far solution�obtains a value q(vi ) := ( cov_deg(vi ) + 1) �

� bsf , while all other vertices vj 2 N (v) n s receive a value q(vj ) := ( cov_deg(vj ) +

1) � (1 � � bsf). A vertex v̂ is then chosen from N (v) n s according to the following

probabilities:

p(v0) :=
q(v0)

P
v002 N (v)ns q(v00)

8 v0 2 N (v) n s (3.4)
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Algorithm 3.1 Solution construction procedure (CMSA and Adapt-CMSA)

1: CMSA input: solution construction parameters drate , lsize

2: Adapt-CMSA input: solution construction parameter � bsf

3: s := spar {spar � V is obtained from a pre-processing procedure}
4: while s is not a valid solution do
5: Let U � V be the set of uncovered vertices
6: Choosev 2 U such that deg(v) � deg(v0) for all v0 2 U

7: while jN (v) \ sj <
l

deg(v)
2

m
do

8: v̂ := ChooseFrom(N (v) n s)
9: s := s [ f v̂g

10: end while
11: end while
12: output: CMSA-solution S corresponding to the constructed solution s

In other words, the higher the value of parameter � bsf 2 [0; 1], the stronger the

bias towards the best-so-far solution Sbsf . This bias does not exist in standard

CMSA.

Figures 3.2 and 3.3 illustrate the general framework of both standard CMSA

and Adapt-CMSA, respectively.

3.4 Experimental Evaluation

All experiments reported in the following were performed on a cluster of

machines with Intel ® Xeon® 5670 CPUs with 12 cores of 2.933 GHz and a

minimum of 32 GB RAM. Note that CPLEX version 20.1 was used in one-threaded

mode both in a standalone manner and within CMSA and Adapt-CMSA for

solving the respective sub-instances. Two sets of experiments were performed.

A comprehensive experimentation in the context of a new set of 800 scale-free

networks is described in Section 3.4.1. The second set of experiments makes use

of small, medium, and large problem instances that were already used in the

related literature; see Section 3.4.2.

3.4.1 Experiments regarding scale-free networks

In order to be able to compare CMSA and Adapt-CMSA on a controlled set

of benchmark instances with di�erent features, we generated the following

set of 800 scale-free networks by using the igraph software package [49]. An

undirected network is said to be scale-free�or, equivalently, to follow a power

law distribution�if the statistical distribution of the degrees of its nodes is as
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follows:

P(k) � k� � ; (3.5)

where P(k) is the probability that a given node has exactly k neighbours.

Speci�cally, we used the random power-law graph generator function called

igraph_static_power_law_game to generate networks di�ering in the following

parameters:

ˆ Number of nodes, jV j 2 f 1:000; 10:000; 50:000; 100:000; 250:000; 500:000;

750:000; 1:000:000g.

ˆ Number of edges: l 2 f 5; 10; 20; 30g, where l � jV j is the number of edges

ˆ Exponent for the power law exponential distribution, � 2 f 2;

2:25; 2:5; 2:75; 3g. Note that parameter � establishes the pace at which the

probability of having highly connected nodes decreases.

Note that �ve networks were generated for all combinations of the number of

nodes, the number of edges, and the exponent for the power law exponential

distribution. This makes a total of 800 networks. Neither of the generated

networks has self-loops or multiple edges between a pair of nodes. Note that,

following the suggestion in the igraph package, the finite_size_correction

mechanism [39] for the generation of the networks was used. Our reason

for choosing power-law, scale-free networks for the comparison between

CMSA and Adapt-CMSA is that they are generally accepted models for social

networks [15, 72].2

For the purpose of parameter tuning, we separately generated one graph for

each combination of jV j 2 f 50:000; 100:000; 500:000; 1:000:000g, l 2 f 5; 30g and

� 2 f 2; 3g. That is, 16 graphs were used for parameter tuning purposes. In

particular, we used the scienti�c tuning software irace [124] for �ne-tuning the

parameters of CMSA and Adapt-CMSA. The parameters of CMSA (together with

their domains allowed for tuning) are the following ones:

1. Number of solution constructions per iteration, na 2 f 1; 2; : : : ; 19; 20g.

2. Upper limit for the age values, age max 2 f 1; 2; : : : ; 9; 10g.

3. Time limit for CPLEX per call, t ILP 2 f 1; 2; : : : ; 49; 50g CPU seconds.

2Note that, due to the size and the number of the generated graphs, this instance set is very
large and consumes a large amount of memory (more than 17 GB). It can be obtained by contacting
the author of this thesis.
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4. Determinism rate for solution construction, drate 2 [0:0; 0:99].

5. Length of the restricted candidate list, lsize 2 f 2; 3; : : : ; 9; 10g.

The parameters of Adapt-CMSA, together with their domains, are the following

ones:

1. Time limit for CPLEX per call, t ILP 2 f 1; 2; : : : ; 49; 50g CPU seconds.

2. Lower bound for the bias towards the best-so-far solution, � LB 2 [0:6; 0:99].

3. Upper bound for the bias towards the best-so-far solution, � UB 2 [0:6; 0:99].

4. Step size for the reduction of this bias, � red 2 [0:01; 0:1].

5. Parameter used for determining when to reduce the bias, tprop 2 [0:1; 0:8].

Note that in the case of numerical parameters, the precision of irace was �xed to

two positions behind the comma. Both for the tuning of CMSA and Adapt-CMSA

irace was applied with a budget of 3.000 algorithm applications. The time limit

for each problem instance was set to jV j=100CPU seconds. The outcome of the

tuning runs can be summarised as follows:

ˆ CMSA parameter values: na = 1, agemax = 1, t ILP = 38, drate = 0:53,

lsize = 2.

ˆ Adapt-CMSA parameter values: t ILP = 44, � LB = 0:85, � UB = 0:97, � red =

0:05, tprop = 0:13.

Note that both parameter settings indicate that we are dealing with very large

graphs. In the case of CMSA, for example, na = 1 and agemax = 1 are set in

this restrictive way because, otherwise, the size of the sub-instances would be

too large to be solved by CPLEX. Similarly, the parameters of Adapt-CMSA are

characterised by a strong bias towards the best-so-far solution in order to keep

the sub-instance as small as possible, while still being able to �nd improving

solutions.

With the �nal parameter settings as provided above, both CMSA and

Adapt-CMSA were applied exactly once to each of the 800 problem instances.

The computation time limit was the same as the one chosen for tuning, that is,

jV j=100CPU seconds. The results are shown in a summarised way in the graphic

of Figure 3.4. The graphic is composed of 4 � 8 = 24 sub-graphics for each

combination of jV j = n (rows) and l (columns). Each sub-graphic shows�for
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Fig. 3.4Average improvement of Adapt-CMSA over standard CMSA (in percent)

all �ve values of � �the average improvement of Adapt-CMSA over CMSA (in

percent). Note that those cases in which Adapt-CMSA improves over CMSA are

additionally marked by bars in blue color, while bars in red color indicate the

cases in which CMSA is better than Adapt-CMSA.

The following observations can be made. First, for smaller graphs (up to

50.000 nodes) not much di�erence between the two algorithms can be observed.

However, starting from 100.000 nodes, Adapt-CMSA clearly outperforms CMSA.

This holds especially with a growing number of nodes and a growing number

of edges. Interestingly, for the smallest values of � �that is, for � 2 f 2; 2:25g in

the case of l = 5, respectively for � = 2 in the case of of the remaining values

of l �CMSA often seems to have a slight advantage over Adapt-CMSA. In other

words, the advantage of Adapt-CMSA over CMSA is higher for graphs with less
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nodes with high degrees. Nevertheless, these results provide a strong indication

for the general superiority of Adapt-CMSA over CMSA.

3.4.2 Experiments regarding instances from the literature

In our second set of experiments, we compare CMSA and Adapt-CMSA to

the standalone application of CPLEX and to the best metaheuristic from the

literature [169] (ICG). This is done in the context of 17 social networks that are

partially used in the related literature on the MPIDS problem. These networks

are of small and medium size, and contain between 34 and 36.692 nodes and

between 788 and 198.050 edges. In addition, CPLEX and both CMSA variants

were applied to 10 larger social networks from the SNAP library that contain

between 37.700 and 1.134.890 nodes and between 2.289.003 and 3.387.388 edges

(https://snap.stanford.edu/data/ ).

While CPLEX was applied exactly once to each of these 27 problem instances,

both CMSA and Adapt-CMSA were applied 10 times to each instance. A

computation time limit of 2 hours was given to each CPLEX run. On the

contrary, much less time was given to the CMSA variants. In the case of the 17

small/medium size problem instances we allowed a computation time of jV j=10

CPU seconds for each run. A relatively shorter computation time of jV j=100

CPU seconds was allowed for the application to the large instances from the

SNAP library. The main reason for this di�erence is that jV j=100seconds would

have been a very short computation time for most of the small and medium size

instances.

In a �rst experiment we applied both CMSA and Adapt-CMSA with the

parameter values from the previous section to all 27 instances. The obtained

results are shown in numerical form in Table 3.1 (small/medium size instances)

and Table 3.2 (large instances). These tables have the following structure. The �rst

column contains the instance name, and the second column provides information

about the quality of the best solutions known to date. Columns with heading

'q' report on the quality of the best solutions found by the four approaches,

and columns with heading 'avg' provide the respective average solution quality.

Furthermore, columns with heading ' t(s)' indicate the average computation times

of CMSA and Adapt-CMSA to �nd the best solutions in each run. Note that

the information about average computation times was not provided in [169] for

ICG. The authors, however, state that they chose a computation time limit of

jV j � 30=1000, because this assured convergence of their algorithm in the case of

all considered problem instances. In other words, ICG would not pro�t from a
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higher computation time limit. Finally, the gap (in percent) between the solution

obtained by CPLEX and the best lower bound is indicated in the column with

heading 'gap(%)'. Note that when the gap is zero, CPLEX was able to prove

optimality. The best result for each instance is shown in bold font. Furthermore,

in case the best solution known so far was improved, the respective result is

underlined. Finally, in those cases in which none of the algorithms was able to

reach the currently best known solution, we provide at the bottom of the table an

indication of the algorithm that obtained the respective best known solution.

The following observations can be made. First, CPLEX performs strongly

for small and medium size instances. Apart from instance CA-AstroPh, CPLEX

obtains all best known solutions. Only in six out of 17 cases, CPLEX is not

able to prove optimality of these results. The performance of Adapt-CMSA

is very similar to the one of CPLEX. In one case (instance CA-AstroPh)

Adapt-CMSA outperforms CPLEX both in terms of best-performance and

in average-performance. On the downside, in four other cases (instances

CA-CondMat, actors-data , socfb-Brandeis99 and socfbMich67 ) the results

of Adapt-CMSA fall slightly short of those of CPLEX. On the other side,

Adapt-CMSA clearly outperforms CMSA, which (with the parameter setting

for scale-free networks) only matches the results of Adapt-CMSA for six out of

17 problem instances. Finally, note that both CMSA and Adapt-CMSA clearly

outperform the most recent metaheuristic from the related literature (ICG).

Concerning the large instances from the SNAP library�see Table 3.2�we can

state that the standalone application of CPLEX clearly starts to fail with a

growing problem instance size. In fact, in �ve out of 10 cases�see the ones

with an optimality gap of more than 95%�CPLEX is only able to provide the

trivial solution that simply contains all network nodes. In addition, it can also

be observed that the standard CMSA approach fails for instances Amazon0312,

Amazon0505and Amazon0601. In these three cases, standard CMSA is not

able to improve over the initial solutions provided by the greedy approach.

Adapt-CMSA, on the other side, works very well also for these large-size SNAP

networks. In fact, Adapt-CMSA is able to obtain new best known solutions in

�ve out of 10 cases. Moreover, in those �ve cases in which CPLEX still works

�ne, the results of Adapt-CMSA are only slightly worse than those of CPLEX.

Therefore, a �rst conclusion of this work is that Adapt-CMSA appears to be a

CMSA variant that does not require to be speci�cally tuned for subsets of the

considered benchmark set. It shows a high performance over the whole range of

benchmark instances with one single parameter value set.
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Table 3.3 Improvement of CMSA after speci�c tuning for small and medium size
instances.

Network best CMSA CMSA (special tuning)
known q avg t(s) q avg t(s)

Karate 15 15 15.00 0.004 15 15.00 0.01
Dolphins 30 30 30.00 0.02 30 30.00 0.03
Football 63 63 63.70 3.06 63 63.70 4.81
Jazz 79 79 79.00 1.66 79 79.00 0.36
CA-AstroPh 6736 6751 6753.60 1311.32 6736 6737.30 1181.44
CA-GrQc 2587 2587 2587.00 19.08 2587 2587.00 1.57
CA-HepPh 4718 4726 4727.50 604.52 4718 4718.10 332.57
CA-HepTh 4471 4474 4474.70 306.65 4471 4471.00 14.08
CA-CondMat 9584 9593 9595.00 1773.06 9584 9584.10 1001.96
Email-Enron 11682 11692 11693.40 1815.34 11682 11682.00 1471.90
ncstrlwg2 2994 2995 2995.00 20.92 2994 2994.00 26.65
actors-data 3092 3099 3100.90 763.51 3091 3092.30 521.21
ego-facebook 1973 1975 1975.00 5.553 1973 1973.00 25.26
socfb-Brandeis99 1397 1427 1428.90 324.00 1406 1407.90 215.55
socfb-nips-ego 1398 1398 1398.00 0.04 1398 1398.00 0.04
socfb-Mich67 1327 1342 1344.60 241.66 1335 1338.30 198.67
soc-gplus 8244 8250 8251.20 956.37 8244 8244.20 808.90
average 3558.59 3559.56 3553.29 3553.82

In a second experiment, we aimed at studying the change of performance

of standard CMSA when speci�cally tuned for small and medium size problem

instances on one side, and for large SNAP network on the other side. Again,

we used irace for the purpose or parameter tuning. For small and medium size

instances, the budget given to irace consisted of 1000 algorithm applications, and

instances CA-AstroPh and socfb-Brandeis99 were used for tuning. The same

budget was used for the tuning run concerning large SNAP networks. In this

case, instancesAmazon0505and Amazon0601were used for tuning. The outcome

of these two tuning experiments was the following one:

ˆ Small/med. size instances: na = 1, agemax = 3, t ILP = 16, drate = 0:09,

lsize = 8.

ˆ Large SNAP networks: na = 1, agemax = 1, t ILP = 39, drate = 0:95, lsize = 10.

Clearly, the parameter settings for small and medium size instances result in

much larger sub-instance sizes than those for large SNAP networks. With these

new parameter settings we repeated the experiments of CMSA. The results, in

comparison to the CMSA results obtained with the previous parameter values,

are shown in Tables 3.3 and 3.4.

The new CMSA results improve substantially in the case of small and medium

size problem instances (Table 3.3). In fact, CMSA is now able to generate for 14
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Table 3.4 Results of CMSA after speci�c tuning for the large SNAP networks.

Network Best CMSA CMSA (special tuning)
known q avg t(s) q avg t(s)

musae_git 9752 9793 9796.90 356.24 9890 9896.40 359.88
loc-gowalla_edges 67617 67723 67727.90 1902.18 67993 68008.30 1957.53
gemsec_facebook_artist 15194 15319 15330.70 494.05 15511 15526.70 498.52
deezer_HR 22699 22567 22605.10 541.96 22727 22744.50 538.43
com-youtube 351281 351960 351972.50 11134.93 352225 352245.80 11246.08
com-dblp 120492 120640 120647.00 3082.43 120970 120977.20 3131.91
Amazon0302 130378 128913 128939.80 2606.64 130386 130422.20 2600.53
Amazon0312 180853 183113 183113.00 1.27 180438 181974.30 2372.35
Amazon0505 183114 185310 185310.00 1.32 182160 183670.60 1527.61
Amazon0601 179964 182279 182279.00 1.405 179584 181282.40 2197.99
average 126761.70 126772.19 126188.40126674.84

out of 17 problem instances the best known solutions. In one case�see instance

actors-data �CMSA is even able to generate a new best known solution of value

3091. With the specialised parameter setting, CMSA is now even able to perform

slightly better, on average, than Adapt-CMSA (compare to Table 3.1). The results

for large SNAP instances, however, show that specialized tuning does not help

in this case. Even though the results of CMSA improve over the original ones

from Table 3.2 in the case of those problem instances that were used for tuning

(Amazon0505and Amazon0601), they become worse for seven out of 10 problem

instances. Moreover, even in those cases in which CMSA is able to improve with

a specialised parameter setting, the results are still clearly inferior to those of

Adapt-CMSA.

3.5 Conclusions

One of the occasional disadvantages of CMSA is the need for repeated parameter

tuning for subsets of the considered benchmark set. For dealing with this

problem, we proposed in this thesis a self-adaptive variant of CMSA, called

Adapt-CMSA, that adjusts its parameters on the �y in order to be able to

solve problem instances of very di�erent sizes without the need of re-tuning.

Experiments were performed in this chapter in the context of the minimum

positive in�uence dominating set (MPIDS) problem.

Based on the obtained results we can say that Adapt-CMSA has several

advantages over standard CMSA in the context of the MPIDS problem. First,

Adapt-CMSA does not need to be speci�cally tuned for subsets of the considered

benchmark set. After one single tuning run, Adapt-CMSA works very well

for the whole benchmark set, which contains instances of very di�erent sizes.

Second, Adapt-CMSA clearly outperforms standard CMSA in the context of large
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networks for which even a specialised tuning does not enable CMSA to compete

with Adapt-CMSA.
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CHAPTER 4

ADAPT-CMSA FOR THE EVRP-TW-SPD AND PARTIAL

BATTERY CHARGING

4.1 Introduction

Once demonstrated the advantages of Adapt-CMSA over CMSA in the context of

a simple-to-express problem in Chapter 3, this chapter presents the application

of Adapt-CMSA to the Electric Vehicle Routing Problem with Time Windows,

Simultaneous Pickup and Delivery and Partial Battery Charging(EVRP-TW-SPD).

The content shown in this chapter was also presented in our paper [5] that was

published in the proceedings of MIC 2022: 14th. Metaheuristics International

Conference(https://doi.org/10.1007/978-3-031-26504-4_1 ). Further

developments and applications of Adapt-CMSA were detailed in additional

works. Notably, an extended abstract discussing the application of Adapt-CMSA

to the Electric Vehicle Routing Problem with Simultaneous Pickup and Deliveries

was presented at EUROCAST 2024 � 19th International Conference on Computer

Aided Systems Theory(https://eurocast2024.fulp.ulpgc.es/ ). Additionally,

the research on Adapt-CMSA based on Set Covering Models for Packing and

Routing Problems is currently submitted to the Annals of Operations Research

journal and is under review (2nd round).

The tackled problem �rst of all considers time window (TW) constraints

for the delivery of goods to customers. Note that time windows can be used

to control the visiting times of the customers, which might be regulated by

local jurisdictions, but also by the customers themselves. It also considers

simultaneous pickup and delivery (SPD) constraints regarding customer

deliveries. When dealing with SPD constraints in the context of vehicle routing

problems, it is important to note that each customer's demand may consist of two

distinct requirements: (1) delivering goods to the demand point, known as the

"delivery demand", and (2) collecting goods from the demand point, known as the

"pickup demand". It is necessary to satisfy both demands simultaneously when a

vehicle visits a particular customer. This practice is commonly associated with
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reverse logistics. Finally, in conventional EVRP models, electric vehicle batteries

are assumed to be fully charged upon visiting a charging station. However, in

this chapter we make use of a more realistic scenario by allowing for partial

recharging. This departure from the conventional approach is noteworthy, as

it better re�ects the real-world operational conditions of electric vehicles, as

opposed to the less realistic expectation of complete charging.

Through the formulation of the addressed problem as a mixed integer linear

programming (MILP) model, suitable for solution by general-purpose solvers

like CPLEX or Gurobi, our computational experiments highlight the increasing

complexity when considering TW and SPD constraints, in conjunction with the

limited driving range of electric vehicles. The complexity encountered, even

when solving small-sized instances to optimality, presents signi�cant challenges

for CPLEX 20.1, often resulting in valid solutions with considerable optimality

gaps. This shows the need for more e�ective algorithms, such as Adapt-CMSA,

capable of deriving good-quality solutions across both small and large problem

instances.

Building on the �ndings from the computational experiments detailed in

the previous chapter, the e�ectiveness of Adapt-CMSA in handling complex

problems becomes increasingly apparent. Remember that, unlike standard

CMSA, Adapt-CMSA does not require speci�c parameter tuning for di�erent

subsets of the considered benchmark set. Once the parameter tuning is applied,

Adapt-CMSA demonstrates robust performance across the entire benchmark set,

which contains instances of varying sizes. Furthermore, as in the previous

application of Adapt-CMSA in the context of MPIDS, Adapt-CMSA signi�cantly

outperforms standard CMSA, especially in the context of large networks where

even specialised tuning fails to make CMSA competitive with Adapt-CMSA. This

suggests that Adapt-CMSA's advantage over standard CMSA might extend to

most applications where standard CMSA exhibits high parameter sensitivity.

In this line, in order to tackle large-sized problem instances two variants

of Adapt-CMSA have developed. The �rst variant, henceforth denoted

by Adapt- Cmsa-Std, utilizes a matrix form representation for solutions and

sub-instances considered by the algorithm. Moreover, the MILP formulation from

Section 4.2 is used to solve sub-instances. On the contrary, in the second variant,

henceforth denoted by Adapt- Cmsa-SetCov, each generated solution and each

considered sub-instance is represented by a set of vehicle routes. Furthermore, a

set-covering-based MILP model is utilized to derive a solution to the sub-instance.

The performances of both approaches are compared in the context of problem
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instances of di�erent types and sizes from the literature.

4.2 Problem Description and Mathematical Model

This section provides a technical description of the EVRP-TW-SPD under the

assumption of partial recharging (PR) along with its corresponding MILP

formulation. The presented model is an extension of the model for the

EVRP-TW-PR proposed by [104], which�in turn�is a modi�ed variant of the

model for the EVRP-TW proposed in [166]. In particular, we extended the model

further in order to consider SPD constraints. We adopt the same notation as in

the previous works to maintain consistency with the existing literature. In this

context, the problem involves a set of N customers, denoted by V = f 1; : : : ; Ng,

and a set of charging stations, denoted by F . To allow for multiple visits to

any charging station, we de�ned a set F
0

that contains multiple copies of each

charging station from F . The depot is represented by nodes 0 andN + 1, where

node 0 is the starting point and node N + 1 is the ending point for each route.

Note that both 0 and N + 1 refer to the same depot. The setV
0
= V [ F

0
contains

all customers and dummy charging stations, with the sub-indexes 0, N + 1, or

both, indicating the inclusion of the respective instances of the depot. Based on

the above notations, we de�ne the following sets:

1. F
0

0 := F
0
[ f 0g

2. V
0

0 := V
0
[ f 0g

3. V
0

N +1 := V
0
[ f N + 1g

4. V
0

0;N +1 := V
0
[ f 0g [ f N + 1g

Following established sets and notations, the EVRP-TW-SPD can be de�ned on a

complete, directed graph G(V
0

0;N +1 ; A). A = f (i; j )ji; j 2 V
0

0;N +1 ; i 6= j g is the set

of arcs where each arc has a corresponding distancedij and travel time t ij . The

energy consumed per unit distance traveled by an electric vehicle is denoted by

a constant h. A �eet of electric vehicles with identical loading capacity C and

battery capacity Q is stationed at a depot to satisfy delivery demand qi > 0 and

pickup demand pi > 0 of customers simultaneously. Each vertex i 2 V
0

0;N +1 is

only allowed to be visited within a time window [ei ; l i ] that is de�ned by the

earliest and latest possible visiting times allowed. Moreover, each customer i 2 V

has a service timesi , which refers to the time an electric vehicle spends visiting

a customer. When an EV visits a charging station, its battery is charged with a

constant charging rate of g > 0.
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The following decision variables are used to formulate the MILP model of

the problem. The binary decision variable x ij takes a value of 1 if the arc

(i; j ) is included in the route and 0 otherwise. The starting time of the service

for each customer visited by the electric vehicle is monitored by the decision

variable � i . Moreover, to keep track of the battery's state of charge upon arrival

and departure at each vertex i 2 V
0

0;N +1 , the decision variables yi and Yi are

employed, respectively. Furthermore, the remaining cargo to be delivered to the

customers of the route and the amount of cargo already collected (picked up)

at the previously visited customers are represented by the variables uij and vij ,

respectively. Therefore, the MILP model, henceforth denoted as ILPEVRP
std , can be

presented as follows.

Min
X

i 2 V 0
0 ;j 2 V 0

N +1

dij x ij +
X

j 2 V 0
N +1

Mx 0j (4.1)

X

j 2 V 0
N +1 ;i 6= j

x ij = 1 8i 2 V (4.2)

X

j 2 V 0
N +1 ;i 6= j

x ij � 1 8i 2 F
0

(4.3)

X

i 2 V 0
0 ;i 6= j

x ij �
X

i 2 V 0
N +1 ;i 6= j

x ji = 0 8j 2 V
0

(4.4)

� i + ( t ij + si )x ij � l0(1 � x ij ) � � j 8i 2 V0; j 2 V
0

N +1 ; i 6= j (4.5)

� i + t ij x ij + g(Yi � yi )

� (l0 + gQ)(1 � x ij ) � � j 8i 2 F
0
; 8j 2 V

0

N +1 ; i 6= j (4.6)

ej � � j � l j 8j 2 V
0

0;N +1 (4.7)

0 � u0j � C 8j 2 V
0

N +1 (4.8)

v0j = 0 8j 2 V
0

N +1 (4.9)
X

i 2 V 0
0 ;i 6= j

uij �
X

i 2 V 0
N +1 ;i 6= j

uji = qj 8j 2 V
0

(4.10)

X

i 2 V 0
N +1 ;i 6= j

vji �
X

i 2 V 0
0 ;i 6= j

vij = pj 8j 2 V
0

(4.11)

uij + vij � Cx ij 8i 2 V
0

0 ; j 2 V
0

N +1 ; i 6= j (4.12)

0 � yj � yi � (hdij )x ij + Q(1 � x ij ) 8i 2 V;8j 2 V
0

N +1 ; i 6= j (4.13)

0 � yj � Yi � (hdij )x ij + Q(1 � x ij ) 8i 2 F
0

0; 8j 2 V
0

N +1 ; i 6= j (4.14)

yi � Yi � Q 8i 2 F
0

0 (4.15)

x ij 2 f 0; 1g 8i 2 V
0

0 ; j 2 V
0

N +1 ; i 6= j (4.16)
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