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ABSTRACT

The Capacitated Arc Routing Problem (CARP) is a challenging combinatorial optimiza-

tion problem abstracted from real-world applications, such as waste collection and road

gritting. It aims at scheduling a fleet of vehicles, each with a limited capacity, to serve a

series of tasks in a graph spending the lowest possible total cost. In real applications, unex-

pected dynamic changes usually occur when vehicles are in their service, which potentially

cause the current schedule of vehicles become worse or even infeasible. For example, the road

may be closed or congested due to an accident, or new tasks might emerge after vehicles

have already started their service. Consequently, the current schedule needs to be updated

ensuring efficient service continuity, taking into account the different locations and various

remaining capacities of the vehicles currently still in services. This dynamic scenario is re-

garded as Dynamic CARP (DCARP). Within this context, the information including the

updated graph, the new set of tasks and the status of all vehicles is denoted as the DCARP

instance which requires optimization to ensure an updated and efficient schedule.

This thesis mainly focuses on investigating the characteristics of the DCARP and propos-

ing efficient optimization algorithms for its solution. In particular, we provide the following

main contributions in this thesis:

1. We provide the first mathematical formulation of DCARP in the literature and developed

a simulator to emulate the behavior of vehicles’ service processes in the real world. This

simulator offers a novel research platform for generating DCARP benchmarks to support
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DCARP studies.

2. We propose a novel generalized meta-heuristic framework based on a virtual-task strategy

for DCARP optimization. It enables all meta-heuristic algorithms designed for solving

static CARP to be capable of effectively solving DCARP instances. Experimental results

demonstrate that the proposed framework was able to significantly improve over state-of-

the-art dynamic optimization algorithms in terms of total costs of the final solution.

3. We perform a fitness landscape analysis on various DCARP instances to understand

which factors make a DCARP instance harder to solve. Empirical studies reveal that

cost-related dynamic events had almost no effect on the difficulty of DCARP instances,

while introductions of new tasks are the main factor making DCARP instances harder to

solve.

4. We propose an experience-assisted optimization framework based on a novel solution

building block strategy to deal with the DCARP scenario. A DCARP scenario com-

prises a series of DCARP instances that share similarities with each other. The proposed

framework was able to improve the DCARP optimization for new DCARP instances in

terms of total costs of initial solutions and convergence speed by leveraging optimization

experiences extracted from the former DCARP instances.

5. To evaluate the efficacy of proposed algorithms in comparison to the theoretical global

optimum, we derive a node matching lower bound for DCARP instances as the theoretical

global optimum is always unknown for most DCARP instances. The deviations between

the lower bound and DCARP solutions are calculated to measure the performance of our

algorithms. The evaluation based on the derived lower bound indicates that there is still

room for improvement between the lower bound and the optimized result.

6. To analyze the performance of proposed algorithms on real-world applications, we develop

a DCARP benchmarking system based on SUMO (Simulation of Urban Mobility), inte-

grated with real-traffic conditions. A series of DCARP scenarios with different settings

are generated based on the proposed SUMO-based system using real-traffic data, thereby
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evaluating the proposed algorithms to these scenarios for performance analysis. The

evaluation demonstrates that dynamic optimization for CARP is necessary in real-world

applications. Moreover, empirical studies also indicate that the adopted artificial DCARP

benchmarks were sufficient for measuring the performance of optimization algorithms.
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Chapter One

Introduction

In response to the increasing demand of mobility services across various sectors in the real

world, such as foundational city services, bike-sharing programs, last-mile delivery services,

etc., the transportation and logistics industry play an essential role in providing mobility

services for demand management. Consequently, optimizing operations and improving ef-

ficiency have become increasingly important for this industry. The mobility solutions offer

an option to achieve this goal allowing decision makers to effectively manage and optimize

fleets’ routes, track shipments in real time, and enhance the overall services of operations.

The optimal routing and path planning, commonly known as the routing problem, is one of

the key challenges within mobility solutions for improving the service efficiency and reducing

the service costs such as energy and maintenance expenditures.

The routing problem is one of the most extensively researched topics within the area of

combinatorial optimization and operational research. It is aimed at scheduling a fleet of

vehicles to provide service in a graph with a set of feasible routes [101], often with a focus on

minimizing overall costs. Moreover, the route corresponding to a specific vehicle represents

the pathway it traverses in the graph for completing its designated service. Routing problem

[101] has two main categories: the node routing problem, known as the Vehicle Routing
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Problem (VRP) [13, 28], and the Arc Routing Problem (ARP) [20, 86]1. The VRP has been

widely investigated since its initial formalization in 1954 by Dantzig et al. [21] studying

a large-scale travelling salesman problem. Given a graph comprising a set of vertices and

edges, there exists some customers on a subset of vertices in the graph requiring vehicles to

serve their demands. These vehicles locate at one or multiple nodes, known as the depots,

in the graph. The target of the VRP is to find routes for these vehicles to serve all demands

and minimize the overall operational costs. In general, each customer must be served once

by one vehicle and all vehicles are required to start from the depot, and return to the depot

after the service as well. Thus, the travelling salesman problem (TSP) can be viewed as a

special case of the VRP in which all vertices in the graph are required to be served.

Similarly, the ARP also targets to assign vehicles from a depot to serve customers in a

graph composed of vertices and edges. Unlike the VRP, however, customers in ARP spread

over edges in the graph rather than the vertices, and the dual service directions for each edge

significantly increase the complexity for solving the ARP compared to the VRP [96]. The

study of the ARP can be traced back to 1735 when Euler investigated the Königsberg bridge

problem [105]. After that, the first formal optimization for the ARP was introduced in 1960

by Guan when he addressed the mail delivery problem, known as Chinese Postman Problem

(CPP) [83]. In the CPP, each arc within the graph has demands requiring to be served.

The objective is to assign vehicles to serve all these arcs in the graph while minimizing the

total costs. In addition, if customers in the CPP only distribute over a subset of arcs in the

graph instead of all arcs of the graph, it becomes to the well-known Rural Postman Problem

(RPP) [93].

In real-world applications, vehicles usually have a maximum capacity, and the aggregate

demands in a problem are also often greater than the capacity of one vehicle. Accordingly,

we have to consider that the total demands allocated to one vehicle cannot exceed its ca-

1Some studies also classified the arc routing problem as a subtype of the vehicle routing problem.
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pacity. This is the well-known variant of the routing problem, commonly referred to as the

Capacitated Vehicle Routing Problem (CVRP) and the Capacitated Arc Routing Problem

(CARP). The CARP constitutes the main focus in this thesis. Compared with the CPP and

RPP, the CARP is more realistic and also much harder to solve due to the more intricate

search space caused by the additional capacity constraints.

Since the first investigation of the CARP in 1981 by Golden and Wong [37], many optimiza-

tion algorithms have been developed to address the CARP including both exact algorithms

and heuristic algorithms. Although the exact algorithm, such as branch-cut-and-price [70]

and column generation [99], can solve the problem to the optimality, it is only practical for

relatively low dimensional CARP instances since the CARP is an NP-hard problem [37].

Therefore, many heuristic algorithms and meta-heuristic algorithms [24], are proposed in

the literature for solving the problem based on the characteristics of the CARP [86]. For

example, the Tabu Search [14], the Genetic Algorithm [53], the Memetic Algorithm [113],

and the Ant Colony Optimization [106]. The special heuristic search operators were de-

signed in these algorithms to facilitate the finding of relatively near-optimal solutions for

the CARP, rendering them powerful for both small and large instances of the CARP. As a

result, heuristic algorithms, particularly those of meta-heuristic algorithms, have attracted

much attention in the literature.

In the practical CARP application, a lot of unforeseen dynamic changes often occur during

the service process arising from the transportation environment or inherent factors of the

problem itself. These uncertain factors are likely to substantially impact the vehicles’ follow-

on service. Therefore, the service routes are required to be updated due to the influence

of dynamic events in the CARP. This refers to a significant variant of the CARP known

as the Dynamic Capacitated Arc Routing Problem (DCARP). In this thesis, we focus on

the meta-heuristic algorithms designed for DCARP. In the literature, the specific DCARP

was first investigated when considering a salting route optimization problem in 2005 [44].
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Subsequently, Liu et al. [59, 60] first focused on the general DCARP, which takes into

account a broader range of dynamic events, such as road congestion, road closures, and new

tasks. So far, only a few studies have concentrated on addressing DCARP optimization,

and effective algorithms for solving DCARP are still missing. These issues will be further

discussed in Section 2.2. Consequently, the primary research objective of this thesis is to

leverage meta-heuristic algorithms efficiently solving the DCARP.

The structure of this chapter is organized as follows. Section 1.1 gives the general de-

scriptions of the CARP and DCARP with clear examples. Section 1.2 outlines the research

problems addressed in this work. Section 1.3 summarizes the key contributions made by this

thesis. Section 1.4 provides the overall organization of the thesis.

1.1 Problem Description

1.1.1 Capacitated Arc Routing Problems

The Capacitated Arc Routing Problem (CARP) is a classical combinatorial optimization

problem with a range of collection and delivery applications in the real world, such as waste-

collection [54], winter gritting [44], mail delivery [27] and others. A map, regarded as a graph,

contains a set of vertices V and arcs E in a graph G = (V,E). For each edge e = (vi, vj) ∈ E,

it has a demand dm(e). If the dm(e) is greater than zero, this edge is required to be served

by a vehicle with a serving cost sc(e). Otherwise, it does not need to be served and only

has a deadheading cost (traversing cost) dc(e). In general, edges with demands are called

tasks in the context of CARP. Suppose there are a fleet of vehicles with limited capacity

of Q located at the depot, the CARP aims to assign these vehicles to serve all tasks in the

graph with as low as possible total cost. Take the waste-collection problem as an example,

4



1.1. Problem Description

there are lots of wastes in many streets of the city, and trucks with the limited capacity are

assigned to collect all wastes starting from the depot [54]. The streets required to be served,

i.e., some waste is required to be collected, have a serving cost for trucks, while trucks only

need to cost the deadheading cost when traversing the streets without wastes.

To clearly illustrate the CARP, we present a specific CARP instance as an example in

Figure 1.1. In this figure, the depot is denoted by a triangle, while the vertices are represented

by circles. In addition, gray solid lines represent the normal traversing edges, and triple solid

lines represent tasks required to be served. In this example, three vehicles with predefined

maximum capacities are scheduled to serve all tasks.

Depot

9

11

12

V1

V2 V3
0

Figure 1.1: An example of the CARP instance. The depot is denoted by a triangle. The
vertices are represented by circles. The gray solid lines represent the normal traversing edges.
The triple solid line represents tasks.

Over the past decades, many variants of the CARP have been researched in the literature

[19, 20, 86]. The basic CARP introduced above is known as the undirected CARP, in

which each edge is direction-agnostic and can be traversed from both directions. However,

in practice, many streets only can be accessed from only one direction. Therefore, the

directed CARP variant addresses such a scenario that considers edges with specific traversal

directions, termed arcs [69]. Moreover, when a CARP instance contains both undirected
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edges and directed arcs, it is referred to as the mixed CARP [38]. Besides, a lot of practical

conditions have also been considered in the CARP, leading to a series of specialized CARP

variants. For instance, Xing et al. [133] took multiple depots into account and optimized

routes with different starting and ending depots. Sipahioglu et al. [110] modeled the multi-

robot path-planning problem to a special CARP, where robots consume the capacity, i.e.

battery’s energy, even when they are traversing an edge without demands. Belenguer et al.

[7] introduced the split-delivery CARP allowing the edge demand being able to be served by

multiple vehicles. Furthermore, time-related variants of CARP have also been investigated in

the literature. For example, researchers considered the CARP with time-window, where tasks

are required to be completed within a pre-defined time window [121], and the periodic CARP

where edges should be served with a frequency [79]. Additionally, Mei et al. [80] addressed a

multi-objective CARP that balances two conflicting objectives: minimizing total costs and

the makespan of routes simultaneously. Large-scale CARP with a very large number of tasks

and vertices has also attracted significant attention in the literature. Mei et al. proposed

various strategies for managing the expansive search space of such practical applications [75–

77]. Furthermore, Tang et al. [114] also handled the large-scale CARP employing hierarchical

decomposition strategies to enhance scalability.

1.1.2 Dynamic Capacitated Arc Routing Problems

However, all these studies concentrate on static CARPs, where the problem remains static

during the entire time of a solution’s execution. In real applications, dynamic changes

usually happen when vehicles are in service, i.e., when a solution is partially executed, thus

influencing the vehicles’ follow-on service. For example, a road may be closed due to an

accident or new tasks may emerge during the vehicles’ service2. When that happens, a new

graph, i.e. a new problem instance, is formed, in which vehicles would stop at different
2A full list of considered dynamic events in this thesis listed in Table 2.1 in Section 2.3.
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locations, labelled as outside vehicles, with various amounts of remaining capacities. As

a result, the current schedule may become inferior or even infeasible. Dynamic CARP

(DCARP) in our work thus aims at re-scheduling the service plan [59, 60]. For clarity, the

following three different concepts are used throughout the thesis:

• DCARP: A variant of CARP where the status of a graph is changed due to dynamic

events occurring during a CARP solution’s execution.

• DCARP Instance: The updated graph with some outside vehicles after the dynamic

events happen.

• DCARP Scenario: A scenario contains a series of DCARP instances with the whole

service process, starting from executing an initial solution in the original CARP map

until all tasks are served.

In general, the DCARP scenario considered in this thesis is presented in Figure 1.2 start-

ing with an initial static CARP instance. An optimization algorithm can be employed to

optimize the static CARP instance, and the best solution obtained from the optimization

will be used to schedule vehicles to serve the pre-defined tasks. Subsequently, we assume

there is a control center which can receive all traffic and environment information, and it will

detect changes in the environment [85]. Whenever any dynamic events occur while vehicles

are in service, the control center will report the type of dynamic events and generate a new

DCARP instance according to the occurred dynamic events. The optimization algorithm

will then dynamically optimize the newly generated DCARP instance. After the dynamic

optimization process for the new DCARP instance, an updated solution will be obtained

and deployed to the environment to update the service plan of all vehicles. The DCARP

scenario will terminate only when all tasks have been served.

Therefore, the DCARP instance is the main optimization problem in a DCARP scenario,
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Control Center

Environment Deployment

Dynamic 

Changes?

End

No
DCARP Instance

Optimization 

Algorithm

Best Solution

Initial CARP 

Instance

Yes

Figure 1.2: The illustration of a DCARP scenario.

generated when dynamic events occur during the service process. We present an example

illustrating the generation of a new DCARP instance in Figure 1.3. The left panel displays

the initial CARP instance and the scheduled routes for vehicles. The right panel presents

the generated DCARP instance due to dynamic events, where three dynamic events happen

including road congestions on edges (v0, v8) and (v0, v9), and a new task emerges on edge

(v0, v1). Simultaneously, three vehicles are located at v2, v7, v10 with different remaining

capacities since they have already served some tasks according to their original schedule.

Thus, it requires to update the schedule for remaining services route of these vehicles to

efficiently complete all remaining tasks, which is known as the optimization for the DCARP

instance. A detailed mathematical formulation of DCARP is given later in Section 2.1.

It is worth noting the term “DCARP” was also used for various different DCARP variants.

Maniezzo and Roffilli [69] used the term “DCARP” to represent the directed CARP where

each edge in the graph can only be traversed in a specific direction. Mei et al. [81] also

used the term “DCARP” to denote the uncertain CARP (UCARP), which is different from

the meaning of DCARP in this thesis. Uncertain CARP focuses on robust optimization

[58, 81], where one is interested in finding solutions that are robust to uncertainties, such

as changing degrees of congestion or level of demands. In these CARP variants, demands
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Depot
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Figure 1.3: The illustration of generating a DCARP instance (right) from a static CARP
instance (left) due to dynamic events. Road congestions happen on edges (v0, v8) and (v0, v9),
and a new task emerges on edge (v0, v1).

of tasks and the costs of arcs in the problem are assumed to follow random distributions.

Then, the problem is solved offline and the solution will not update during vehicles’ services

once the solution is deployed. Besides, the problem instances to be solved can also be

samples from deterministic CARP instances, which are collected from real-word applications

[124] and a robust solution is optimized for these deterministic CARP instances. These

are solutions obtained offline before deployment that one hopes will not deteriorate too

much under different environment conditions that may be encountered during deployment.

Therefore, UCARP is a considerably different problem from the one tackled in our thesis.

Moreover, even though the UCARP solutions are hoped not to deteriorate too much under

certain environment conditions (e.g., different amounts of congestion), they are unlikely

to be optimal for each individual environment condition that may be encountered during

deployment. As a result, dynamic optimization, which is the focus of our thesis, is required

to track the moving optimum and update the schedule for completing the remaining tasks

when dynamic events deteriorate the current deployed solution during vehicles’ services.

Moreover, it is also worth noting that the dynamic optimization is also ubiquitous in both

continuous and combinatorial problem domains, and numerous effective algorithms have
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been developed to address the dynamic changes in these problems [72, 89]. Typically, for

almost all dynamic optimization problems investigated in the literature, uncertain factors

only affect the objective functions, causing the change of global optima. However, in the

case of our studied DCARP, dynamic events influence the decision variable space as well,

wherein the problem’s dimension and the previous solution’s feasibility is likely to change

after dynamic events. For example, tasks that are already completed will be removed while

the newly emerged tasks will be added, thereby changing the number of tasks. Moreover,

the potential road closure event makes previous solutions infeasible. As a result, the decision

variable space for the newly generated DCARP instance is different with the former DCARP

instances causing solutions obtained for former DCARP instances are not suitable for the

new DCARP instances.

1.2 Research Questions

1.2.1 Optimization Framework for Dynamic CARP

The CARP has been studied a lot over the past decades and there is a rich literature

on existing CARP optimization algorithms. However, they are not applicable to DCARP

instances since they use the assumption that all vehicles start at the depot and have the

same capacities, which is not the case in DCARP. For the DCARP, the calculation of cost

and capacity violation of the routes corresponding to the outside vehicles are required to

be specifically considered due to the fact that outside vehicles have different locations and

remaining capacities. Since both CARP and DCARP aim to schedule vehicles to complete

a set of tasks in a graph, the solution representation and search operators for the CARP can

be extended to solve DCARP. It is more complicated to propose the optimization algorithm

for the DCARP from scratch compared with benefiting from the existing CARP algorithms
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[113], which have been shown to have powerful optimization ability, being able to efficiently

solve complex CARP instances. It is naturally leading to that applications for solving CARP

provide valuable resources to address the challenges of DCARP. Therefore, our first research

question:

RQ1: How can we benefit from the powerful algorithms existing for CARP in

order to better solve DCARP?

1.2.2 Fitness Landscape Analysis for DCARP Instances

Existing literature lacks information about which dynamic factors are likely to cause DCARP

instances to be harder to solve. This seriously hinders the ability to improve the performance

of DCARP algorithms. Fitness landscape analysis could bridge this gap. It is a very popular

approach for revealing the structure of search space. It targets to investigate features of

optimization problems, such as the fitness distribution in the search space and the structure

of optima [67]. It helps to better understand the characteristics of problem instances, sup-

porting the design of more suitable algorithms for the specific problem [67]. So, our second

research question is:

RQ2: What makes the DCARP instance hard to solve for optimization algo-

rithms?

1.2.3 Experience Incorporation for Dynamic Optimization

As introduced above, a DCARP scenario is composed of a series of DCARP instances. A new

DCARP instance is generated based on the preceding DCARP instance and a partially exe-

cuted solution. As a result, a new DCARP instance in a DCARP scenario shares similarities
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with its preceding DCARP instance. Intuitively, the optimization experience and solution

information of the former DCARP instance could be extracted to promote the optimization

for the new DCARP instance in a DCARP scenario. However, current existing works do not

consider and utilize such optimization experience, wasting valuable knowledge that could

be used to enhance the optimization process for DCARP instances. Instead, they always

optimize the new DCARP instance from scratch once dynamic events happen. Therefore,

one research question arise for experience assisted dynamic optimization:

RQ3: How to extract optimization experience from a DCARP instance and

integrate into a meta-heuristic framework for enhanced performance in different

DCARP scenarios?

1.2.4 Performance Evaluation for Dynamic Optimization

Currently, the optimization performance of the proposed optimization algorithms is evaluated

in a set of artificially designed benchmark problems and compared to various state-of-the-

art algorithms through statistical tests. In this way, our experimental studies can only

demonstrate the proposed algorithms are better than the existing algorithms. However, we

still have no insight about the absolute performance of the proposed algorithms relative to

the theoretical global optimum, which is crucial for assessing the remaining potential for

improvement in the optimization algorithms. Nevertheless, the theoretical optimum is often

unknown for most DCARP instances since DCARP is also an NP-hard problem. Thus, the

lower bound would be very important for measuring the performance of the optimization

algorithm. Therefore, we have the research question:

RQ4: How can we derive a lower bound for evaluating the DCARP solution

quality rather than relying solely on comparison with baseline algorithms?
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On the other hand, the dynamic events in the existing benchmarks are all artificially gener-

ated based on various distributions instead of any real-world scenarios. Effective algorithms

demonstrated only in such conditions are likely to fail in real traffic environments, especially

for DCARP, where the re-scheduling highly depends on actual traffic conditions and the

status of instances. A dynamic environment containing real traffic data and conditions is

required to evaluate the proposed algorithms. Therefore, a further research question is:

RQ5: How can we evaluate and how well do our proposed DCARP algorithm

perform in real-world scenarios in addition to artificial benchmarks?

1.3 Contributions

In this thesis, our main focus is on investigating the characteristics of DCARP and developing

effective optimization algorithms to solve the DCARP. In order to have better solutions when

solving DCARP, our main contributions in this thesis are as follows:

1. We provide a new mathematical formulation of DCARP and design a simulator to

simulate the behavior of vehicles’ service processes in the real world in Section 2.1 and

2.3 of Chapter 2 as preliminary studies for our work. The simulator offers a novel

research platform for generating DCARP benchmarks to support DCARP studies.

2. A novel framework capable of generalizing almost all existing algorithms designed for

static CARP to the DCARP context is proposed in Chapter 3 to answer RQ1. The

framework converts a DCARP instance into a “static” CARP instance by introducing

the idea of “virtual tasks”, which enables outside vehicles (with potentially partial

capacity) to be interpreted as vehicles located at the depot (with their full capacity).

The DCARP instance can then be solved as if it was a static CARP instance, enabling
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the powerful existing static CARP algorithms to solve it.

3. The first systematic fitness landscape analysis for DCARP is performed, including

several local and global optima related features, in Chapter 4 to answer RQ2. Multiple

landscape properties are compared between instances generated with different dynamic

events to investigate what factors make DCARP instances easier or harder to solve.

The empirical studies show that new tasks are the main factor influencing the difficulty

of the instances, and instances requiring additional vehicles for the remaining tasks are

harder to solve than instances with other features.

4. To leverage the optimization experience from the former instance to facilitate dynamic

optimization in a DCARP scenario, a new concept of building block for extracting

optimization experience contained in historical solutions is introduced. The solution

building block as the experience is employed to generate better initial solutions for

new DCARP instances. Consequently, a novel experience-assisted dynamic optimiza-

tion framework is proposed to enhance the optimization of new DCARP instances in

Chapter 5 to answer RQ3.

5. The performance of the proposed meta-heuristic algorithms for DCARP is evaluated

through assessing the quality of DCARP solutions based on a newly derived lower

bound in Chapter 6 to answer RQ4. The first lower bound approach for DCARP,

named node matching lower bounds (NMLB), is proposed, converting the lower bound

problem to a minimum cost matching problem (MCMP).

6. To evaluate the efficacy of algorithms in a real-world environment, we developed the

first DCARP scenario benchmarking system containing real traffic data in Chapter 7

to answer RQ5. The framework is able to integrate the solution produced by DCARP

algorithms into a transportation environment that simulates real traffic conditions.

A set of DCARP scenarios are generated based on the designed simulation system
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with real transportation data, thereby facilitating the performance evaluation of the

proposed algorithms in the real-world application.

1.3.1 Publications

The published or submitted papers related to this thesis during my doctoral studies are as

follows:

• Published papers

1. Tong, Hao, Leandro L. Minku, Stefan Menzel, Bernhard Sendhoff, and Xin Yao.

“Towards novel meta-heuristic algorithms for dynamic capacitated arc routing prob-

lems.” In Parallel Problem Solving from Nature-PPSN XVI, pp. 428-440. Springer

International Publishing, 2020. (This paper is an early investigation on DCARP for

an improved splitting scheme. But it is not included into this thesis.)

2. Tong, Hao, Leandro L. Minku, Stefan Menzel, Bernhard Sendhoff, and Xin Yao.

“A novel generalized meta-heuristic framework for dynamic capacitated arc routing

problems.” IEEE Transactions on Evolutionary Computation, vol. 26, no. 6, pp.

1486-1500, Dec. 2022. (This paper mainly addresses contributions 1 and 2, and

support Sections 2.1, 2.3 and Chapter 3.)

3. Tong, Hao, Leandro L. Minku, Stefan Menzel, Bernhard Sendhoff, and Xin Yao. “A

hybrid local search framework for the dynamic capacitated arc routing problem.” In

Proceedings of the Genetic and Evolutionary Computation Conference Companion,

pp. 139-140. 2021. (This paper addresses part of the contribution 3, and supports

Chapter 4.)

4. Tong, Hao, Leandro L. Minku, Stefan Menzel, Bernhard Sendhoff, and Xin Yao.

“What makes the dynamic capacitated arc routing problem hard to solve: insights
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from fitness landscape analysis.” In Proceedings of the Genetic and Evolutionary

Computation Conference, pp. 305-313. 2022. (This paper mainly addresses the

contribution 3, and supports Chapter 4.)

5. Tong, Hao, Leandro L. Minku, Stefan Menzel, Bernhard Sendhoff, and Xin Yao.

“Benchmarking dynamic capacitated arc routing algorithms using real-world traffic

simulation.” In 2022 IEEE Congress on Evolutionary Computation (CEC), pp. 1-8.

IEEE, 2022. (This paper mainly addresses the contribution 6, and supports Chapter

7.)

• Papers under review:

1. Tong, Hao, Leandro L. Minku, Stefan Menzel, Bernhard Sendhoff, and Xin Yao.

“Evaluating meta-heuristic algorithms for dynamic capacitated arc routing problems

by deriving lower bounds.” In submission to IEEE Computation Intelligence Maga-

zine, 2023. (This paper mainly addresses the contribution 5, and supports Chapter

6.)

2. Tong, Hao, Leandro L. Minku, Stefan Menzel, Bernhard Sendhoff, and Xin Yao.

“Building blocks as experiences in dynamic capacitated arc routing problems.” In

submission to CAAI Transactions on Intelligence Technology, 2023. (This paper

mainly addresses the contribution 4, and supports Chapter 5.)

1.4 Thesis Outline

The structure of this thesis is organized as follows. Chapter 2 first presents a comprehensive

mathematical formulation of the DCARP, and introduces a simulation and benchmarking

system for DCARP which offers a novel research platform for the DCARP research. Fol-

lowing that, Chapter 2 provides a literature review about the heuristic and meta-heuristic
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algorithms for DCARP over the past decades. Based on the research gap of the existing

literature, Chapter 3 proposes a novel generalized optimization framework to solve DCARP

instances which is capable of leveraging the wealth of existing algorithms for static CARP,

answering RQ1. Then, to further analyze which factors make DCARP hard to solve for

algorithm enhancement, a fitness landscape analysis is performed and a series of key insights

are obtained in Chapter 4, answering RQ2. Building upon these insights from fitness land-

scape analysis, the characteristics of different DCARP scenarios are considered specifically

in Chapter 5. Thus, an experience-assisted dynamic optimization framework for different

DCARP scenarios by utilizing the solution building blocks as the experience from the opti-

mization results of the former DCARP instance in Chapter 5, answering RQ3. After that,

the performance of our proposed algorithms are evaluated based on the derived node match-

ing lower bound in Chapter 6 and subsequently evaluated through the designed DCARP

scenario benchmarking system containing real-world traffic data in Chapter 7, for answering

RQ4 and RQ5, respectively. Finally, Chapter 8 summarizes this thesis and highlights the

potential future works.
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Chapter Two

Background

Sections 2.1 and 2.3 are based on the following publication: Tong, Hao, Leandro Minku, Stefan Menzel,
Bernhard Sendhoff, and Xin Yao. “A novel generalized meta-heuristic framework for dynamic capacitated
arc routing problems.” IEEE Transactions on Evolutionary Computation, vol. 26, no. 6, pp. 1486-1500,
Dec. 2022. https://doi.org/10.1109/tevc.2022.3147509.
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In practical applications, many logistic problems can be abstracted into the CARP, such as

the mail delivery, the waste collection and salt gritting. However, these applications exhibit

varying characteristics. For example, in the mail delivery problem, each parcel has a unique

destination and must be delivered to the specific customer. In such cases, each vehicle has

to complete all initially assigned tasks by itself even though the dynamic events occur to

influence the original schedule. Additionally, when new tasks/demands emerge, these new

tasks/demands must either be accommodated by vehicles currently in service after they

return to the depot or assigned to new vehicles from the depot. For simplicity, this thesis

will not consider such scenarios. Instead, we consider the collection or gritting application,

where tasks originally assigned to one vehicle can also be reassigned to another regardless

of any dynamic events, and vehicles can continue the service paths without requiring to

return to the depot when new tasks/demands appear. Our thesis primarily focuses on the

corresponding DCARP scenarios for such collection or gritting applications.

For the considered DCARP scenario, in this chapter, we will provide the mathematical

formulation first in Section 2.1 since a formal mathematical formulation of DCARP is still

missing in the literature. Then, the systematical literature review of solution representation

and optimization algorithms for both CARP and DCARP will be presented in Section 2.2.

Section 2.2 will also provide a brief overview of dynamic optimization in the literature. After

that, a new simulation and benchmarking system for our DCARP research are introduced

in Section 2.3. Finally, Section 2.4 summaries this chapter.

2.1 Mathematical Formulation

A DCARP scenario is composed of a series of DCARP instances: I = {I0, I1, ..., It, ..., IM}.

Each DCARP instance corresponds to a problem state, which contains all the information
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regarding the state of the map and vehicles involved in the routing problem, and highly

depends on the previous instance and the execution of solution. The initial problem instance

I0 is a conventional static CARP, in which all vehicles are located at the depot having the

same full capacities. We can obtain an initial solution in I0 and execute this solution in the

graph. During the execution, some dynamics1 [60], such as road congestion or new tasks,

happen at random points in time when vehicles are in service, thus changing the problem

instance and potentially requiring a new better solution. Vehicles then continue to serve

tasks from the positions they had stopped (stop points). DCARP terminates when all tasks

are served, and all vehicles have returned to the depot. In a DCARP scenario, the key

objective is to achieve a schedule cost, which should be as low as possible for each individual

DCARP instance. All symbols used for the mathematical formulation in this section are in

the List of Symbols at the beginning of this thesis.

The map for any DCARP instance It is provided as a graph G. Suppose the map of a

DCARP instance It is represented by G = (V,A) with a set of vertices V and arcs (directed

links) A. There is a depot v0 ∈ V in the graph, which contains vehicles that are not yet

serving any tasks. The set A is given by

A = {u = ⟨vi, vj⟩|vi, vj ∈ V }

where for each arc u, i.e. ⟨vi, vj⟩ ∈ A, vi is the head vertex and vj is the tail vertex. A

given arc ⟨vi, vj⟩ only exists if it is possible to traverse from vertex vi to vertex vj without

passing through other vertices. Each arc u in the graph is associated with a deadheading

(traversing) cost dc(u), a serving cost sc(u) and a demand dm(u). The deadheading cost

of an arc means the cost that the vehicle just traverse this arc without serving while the

serving cost is the cost when vehicles serve this arc. For simplicity, the deadheading cost

are assumed to be symmetric in this thesis. The deadheading cost has been included in the

1The full list of dynamic events considered in our work are presented in Table 2.1.

21



Chapter 2. Background

serving cost such that the deadheading cost is not required to be calculated when the vehicle

serves an arc. A subset ER ⊆ A contains all arcs required to be served in the graph. Each

arc u ∈ ER is named as ‘task ’ and has a positive demand dm(u) > 0. For convenience, we

use t to represent a task, and use an arc ID for identification. For example, t1 represents the

task, with its id being ‘1’.

The DCARP instance I0 only contains vehicles at the depot. As for DCARP instances

It(t > 0), in addition to vehicles that are currently at the depot, there may also be outside

vehicles with remaining capacities. These are vehicles that had already started to serve tasks

when a dynamic event occurs. Suppose there are Nveh vehicles in total with a maximum

capacity Q at the depot and Nov (Nov ≤ Nveh) outside vehicles with remaining capacities

RQ = {q1, q2, ..., qNov}. The stop points (locations) of the outside vehicles are labelled as

Vov = {sp1, sp2, ..., spNov}. In practical scenarios, vehicles often locate in the middle of a road

when dynamic events occur. These stop locations can be regarded as new vertices of the

map to aid in optimization. In this thesis, for simplicity, we assume that the vehicle stops at

the nearest next existing vertex on the map when dynamic events occur. The optimization

algorithms we propose under this assumption are also suitable for real-world situations where

vehicles’ stop locations are not align precisely with a map vertex. The optimization of

DCARP aims to reschedule the remaining tasks with the minimal cost considering both

outside and depot vehicles.

A DCARP solution S = {r1, r2, ..., rNov , ..., rK} contains K routes, where the routes r1 to

rNov start from locations that outside vehicles located while routes rNov+1 to rK start from

the depot. Each route can be represented by three components: starting vertex, an ordered

list of tasks (arc IDs) and the final depot. Therefore, a given route rk can be expressed as

rk = (spk, tk,1, tk,2, ..., tk,lk , v0), where the vehicle starts from stop location spk and returns to

the depot v0, whereas lk denotes the number of tasks served by route rk. For route rk, where

k > Nov, spk equals to v0. This representation is very easy to be converted to an explicit
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route by connecting two subsequent tasks using Dijkstra’s algorithm so that the route cost

can be calculated. In addition, a DCARP solution has to satisfy three constraints which are

the same as constraints in the static CARP:

• Each route served by one vehicle must return to the depot.

• Each task has to be served once.

• The total demand for each route served by one vehicle cannot exceed the vehicle’s

capacity Q.

Due to the different remaining capacities for outside vehicles, the capacity constraint is

required to be formulated for each outside vehicle separately. As a result, the objective

function and the constraints for a DCARP instance are given as follows:

Min TC(S) =
K∑
k=1

RCrk (2.1)

which subjects to the following constraints:

s.t.
K∑
k=1

lk = NT (2.2a)

tk1,i1 ̸= tk2,i2 , for all (k1, i1) ̸= (k2, i2) (2.2b)
lk∑
i=1

dm(tk,i) ≤ qk,∀k ∈ {1, 2, ...Nov} (2.2c)

lk∑
i=1

dm(tk,i) ≤ Q, ∀k ∈ {Nov + 1, ..., K} (2.2d)
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where RCrk is the total cost of route rk which is calculated by Eq. (2.3):

RCrk = mdc(spk, headtk,1) +mdc(tailtk,lk , v0)+

lk−1∑
i=1

mdc(headtk,i , tailtk,i+1
) +

lk∑
i=1

sc(tk,i)
(2.3)

where the headtk,i , tailtk,i denote the beginning and ending vertices for serving the tasks. The

minimal total traversing costs to traverse from node vi to node vj is denoted as mdc(vi, vj),

and sc(tk,i) denotes the serving cost of the task tk,i. The constraint (2.2a) guarantees that

the number of tasks in the solution equals to the number of tasks of the instance. The

constraint (2.2b) guarantees that any two tasks in the solution are different, i.e., the solution

does not attempt to serve the same task more than once. Therefore, these two constraints

guarantee that all tasks are served once and only once. Then, constraints (2.2c) and (2.2d) are

formulated to satisfy the capacity constraint of outside vehicles and new vehicles, respectively.

The capacity constraints for outside vehicles are the main difference between the conventional

static CARP and the DCARP instance, requiring the algorithm to consider outside vehicles

and new vehicles from the depot separately during the optimization process.

2.2 Literature Review

2.2.1 Solution Representation for CARP

The CARP aims to assign vehicles to serve a set of tasks. In order to obtain a feasible

solution through algorithms for the given problem, the solution representation is the most

fundamental issue requiring to be addressed first.

There are two representations commonly used in optimization algorithms for CARP in the
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literature. The first type provides all explicit routes in the solution, separated by a dummy

task [113], while the other type is an ordered list of tasks without separation. Suppose there

are 10 tasks in an instance, two solutions represented by explicit-route representation and

ordered-task-sequence representation, respectively, are presented as follows:

(a). Explicit-route representation: {0, t1, t2, t3,0, t4, t5, t6,0, t7, t8, t9,0, t10,0}

(b). Ordered-task-sequence representation: {t1, t2, t3, t4, t5, t6, t7, t8, t9, t10}

Both solution representation types are effective for finding better solutions within the op-

timization algorithm. However, only the explicit-route represented solution can be directly

deployed to vehicles in practice thereby enabling the calculation of the total costs for the

solution. This is not applicable for the ordered-task-sequence represented solution, which

does not explicitly show which tasks should be assigned to different vehicles. Nevertheless,

the solution with ordered-task-sequence representation can be optimally converted into an

explicit-route represented solution through the Ulusoy’s split scheme [120], which builds an

auxiliary graph according to the task sequences and splits the ordered task sequence to ex-

plicit routes. Consequently, solutions represented as ordered task sequence can be evaluated

and deployed.

Almost all optimization algorithms for CARP are designed based on these two solution

representation types. They are also employed to optimize the DCARP in this thesis.

2.2.2 Optimization Algorithms for CARP

Over the past decades, there have been a lot of research dedicated to solving the CARP,

resulting in plenty of effective algorithms. Generally, these algorithms can be categorized

into constructive heuristic algorithms and meta-heuristic algorithms.
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2.2.2.1 Constructive Heuristic Algorithms

Constructive heuristic algorithms have attracted much attention since the very early stage.

They are aimed at directly constructing effective, high-quality executable solutions for a given

CARP instance from scratch. The path-scanning [36], augment-merge [36], and Ulusoy’s split

scheme [120] are three most classical and popular constructive heuristic algorithms in the

literature. Their details are introduced as follows:

• The path-scanning algorithm constructs the route starting from the depot, and then, in-

crementally adds the nearest unserved, feasible task to the current route one by one. In

cases where multiple nearest unserved tasks are available simultaneously, the algorithm

employs five different tie-breaking rules to select the most promising task as the next task

for the current route. Each route will complete when no additional task can be feasibly

added due to the vehicle capacity constraint, and the route concludes with a depot. Then,

if there are still remaining unserved tasks, a new route starting from the depot will be

generated to continue the process. Finally, the algorithm terminates when all tasks are

served, and then outputs an explicit-route represented solution.

• The augment-merge algorithm includes two different phases. In the augment phase, a

complete route is constructed for each individual task. Each route starts from the depot

and only serves one task before returning to the depot. Then, in the merge phase, these

routes are merged to reduce total costs. For each pair of routes, the algorithm executes

the merge with the largest cost saving among four possible merging strategies. Finally,

the algorithm terminates when no further merging can be executed.

• The Ulusoy’s split scheme is used to convert an ordered-task-sequence represented solu-

tion to a feasible executable explicit-route represented solution, splitting a giant tour into

several capacity-feasible routes. Given an ordered-task-sequence represented solution, Ulu-

soy’s split scheme builds an auxiliary graph based on the given solution. In the auxiliary
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graph, the first node represents the depot, and each of the remaining nodes represents a

task in the given solution. Each edge in the auxiliary graph represents a feasible sub-route

of the CARP, and its cost is the weight of the corresponding edge. Then, Ulusoy’s split

uses Dijkstra’s algorithm to find the shortest path from first node to the last node in the

auxiliary graph, which indicates the optimal split for the assigned ordered-task-sequence

represented solution.

On the basis of three basic constructive heuristic algorithms, various effective extensions

were proposed recently. For example, Pearn [95] proposed a random path-scanning, which

randomly chooses one tie-breaking rule to select the task for the current route rather than

constructing a solution for each rule. Wøhlk [130] introduced a modified path-scanning,

wherein the candidate tasks are not only limited to the adjacent edges of the current node,

as in the original path-scanning [36]. Instead, all feasible tasks across the whole graph are

applicable. This modified version of the path-scanning is more widely utilized than the

original version currently. Santos et al. [107] proposed an ellipse rule-based path-scanning

(PS-Ellipse), wherein they introduced an ellipse rule to restrict the selection of the next

task within a specific ellipse close to the depot, when the loads of the vehicle is nearing the

capacity. Arakaki and Usberti [1] further extended the PS-Ellipse by dynamically activating

the rule and proposing a new PS-Efficiency algorithm with a new efficiency rule considering

both the demand and the traversing costs of candidate tasks when choosing the next task of

the route. Belenguer et al. [8] eliminated the augment phase in augment-merge algorithm

resulting a merge algorithm, and the algorithm was also further improved by incorporating

a rule that prefers the merge with the largest discrepancy in load when the maximal cost

savings are tied. Prins et al. [100] extended Ulusoy’s splitting scheme by improving the giant

tour construction and the splitting process, respectively. Eventually, they proposed three

methods for generating giant tour and four splitting approaches, resulting in 12 different

splitting heuristics [100].
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In the literature, besides improvements on basic algorithms, a few innovative constructive

heuristics have been proposed. Wøhlk [130] proposed three new heuristics including Node

Duplication Heuristic, Double Outer Scan, and A-ALG. The Node Duplication Heuristic

constructs several Euler Tours in the graph assisted with the node duplicated network and

subsequently splits these Euler Tours to capacity-feasible routes. The Double Outer Scan

incorporates the ideas of both path-scanning and augment-merge algorithms that generates

multiple tours in a path-scanning way and then merges pairs of tours to construct a feasible

solution. Moreover, A-ALG [130] is also a splitting heuristic to split an RPP tour into a

feasible CARP solution. It is similar to the heuristic named short optimal tour partitioning

(SOTP) proposed by Jansen [48]. SOTP initially applies Frederickson’s heuristic [34] to the

RPP to create a giant tour, and then, employs the Ulusoy’s split scheme to get a feasible

CARP solution.

Constructive heuristics have been identified as an effective strategy for uncertain CARP

in the literature. Instead of optimizing a robust solution, researchers focus on devising ro-

bust constructive heuristics for uncertain environments. The service schedules of vehicles

can be updated according to the obtained constructive heuristic in response to the chang-

ing environment. Weise et al. [129] evolved robust constructive heuristics for uncertain

CARP through symbolic regression using genetic programming (GP), employing trees to

represent the heuristics. When constructing the solution, the heuristic function calculates

a heuristic value for each candidate task and determines which task is to be served next

until a complete feasible solution is constructed. In scenarios of uncertain CARP, the ro-

bust constructive heuristic can be used all the time during vehicle service to deal with the

uncertain environment. Liu et al. [64] extended this groundwork by adapting the heuristic

to be capable of tackling stochastic demands. Furthermore, to simplify the complexity of

evolved heuristics, Wang et al. [125] incorporated a niching-based strategy to GP, which was

demonstrated successful in yielding more compact yet effective heuristics. Ardeh et al. [3]
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leveraged the knowledge, which consists of all evolved heuristics from related source problem

instances, to assist in obtaining much superior heuristics for the target problem instance.

Even though constructive heuristic algorithms can directly construct an executable so-

lution for a CARP instance, the quality of the generated solution is not guaranteed and

often still required to be improved. To address this, the meta-heuristic algorithms are de-

veloped over the past two decades. In the next subsection, we will introduce meta-heuristic

algorithms in details.

2.2.2.2 Meta-heuristic Optimization Algorithms

Unlike the constructive heuristic which only generates one single solution, meta-heuristic

algorithms produce new solutions based on the existing ones and iteratively refine them to

find much better solutions. For example, one of the earliest meta-heuristic algorithm, as far

as we know, is the Simulated Annealing algorithm proposed by Eglese [26], wherein a solution

is initially obtained by a “greedy” constructive heuristic, and subsequently, further improved

through Simulated Annealing. Since then, many effective meta-heuristic algorithms have

been proposed for optimizing the CARP. For example, the Tabu Search [14, 46, 78], Memetic

Algorithms [52, 113], Genetic Algorithms [71], etc.

Within the meta-heuristic algorithms, solutions initialized by constructive heuristics are

improved by various different search operators. In the literature, the search operators for

refining the solution includes local search and global search operators.

• The local search is the most effective operators for exploiting the current solution and

usually only applicable to an explicit-route represented solution. Neighborhood moves

are the main components in the local search operators for CARP. The CARP solution is

usually encoded as several explicit routes, each of which is a task sequence. The sequence
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of tasks determines the order in which tasks are served and directly influences the total

cost of a solution. The neighborhood moves switch tasks or part of the route in the same

route or between different routes to search a better solution. Five most commonly used

neighbourhood moves in the literature are described as follows, where the 0 is a dummy

task to separate routes, ti represents a single task, and inv(ti) represents the task ti with

inverse direction:

1. Single Insertion: One task is removed from one route and inserted into another

position of the current or another route.

{0, t1, t2, t3, t4, t5,0, t6, t7, t8, t9,0} → {0, t1, t3, t4, t5,0, t6, t7, t2, t8, t9,0}

2. Double Insertion: Two consecutive tasks are removed from one route and inserted

into the current or another route.

{0, t1, t2, t3, t4, t5,0, t6, t7, t8, t9,0} → {0, t1, t4, t5,0, t6, t7, t2, t3, t8, t9,0}

3. Swap: Two tasks belonging to the same route or different route are swapped.

{0, t1, t2, t3, t4, t5,0, t6, t7, t8, t9,0} → {0, t1, t7, t3, t4, t5,0, t6, t2, t8, t9,0}

4. Reverse: A subsequence of a route is flipped, and the direction of each task is also

reversed.

{0, t1, t2, t3, t4, t5,0, t6, t7, t8, t9,0} → {0, t1, inv(t4), inv(t3), inv(t2), t5,0, t6, t7, t8, t9,0}

5. Cross: Swap the end portion of two different routes.

{0, t1, t2, t3, t4, t5,0, t6, t7, t8, t9,0} → {0, t1, t2, t8, t9,0, t6, t7, t3, t4, t5,0}
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Moreover, the local search usually assesses all possible neighborhood moves for a given

solution, thereby making the exploitation much more effective.

• The global search operators are always utilized to explore the current solution to increase

the diversity of the search process. It is common to perform crossover on a pair of ordered-

tasks-sequence solutions to obtain new solutions. The crossover operator often randomly

splits each ordered-tasks-sequence solution into several parts, and merges new solutions

using sub-routes from different ancestral solutions [71]. When designing the crossover

operator, it is most important to avoid repetition and missing tasks in the offspring solution

since each task should be served only once in the CARP. Three commonly used crossover

operators for ordered-tasks-sequence solution are described as follows:

1. Order Crossover (OX) [52]: Each parent solution is divided into three segments

in the same positions. The middle segment of the first parent is directly copied to

the corresponding positions of the offspring, and these tasks are deleted from the

second parent. Then, the remaining tasks from the second parent are inserted into

the offspring, adhering their left-to-right sequence in the second parent.

2. Random Key-based One Point Crossover (RK-OPX) [60, 71]: A random key

vector, which is a sequence of real numbers randomly sampled from interval [0, 1)

and can be decoded into a sequence of tasks, is generated to represent each parent

solution. Then, a one point crossover is applied to two random key vectors to produce

a new offspring key vector. The resulting key vector is then decoded to an ordered-

task-sequence solution. In the one point crossover operator, each individual is divided

into two segments, and the offspring individual is generated by inheriting one segment

from each of the parents.

3. Sequence-based Crossover (SBX) [113]: Even though this operator is applied

to an explicit-routed solution, for each parent solution, a single route is randomly

selected from each parent solution for the crossover and the selected route is also
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represented as an ordered-task-sequence. Each selected route is divided into two

segments, and an offspring route is formed by combining the first segment from one

parent route with the second segment from the other parent route. In the resulting

offspring solution, duplicated tasks are removed, and each missing task is greedily

inserted with the lowest additional cost.

Generally, the resulting ordered-task-sequence represented solution from the crossover will

be split into an explicit-route solution to calculate its objective value. Typically, it is then

provided to the local search operators for further improvements.

Overall, meta-heuristic algorithms in the literature can be classified into two categories:

individual-based algorithms and population-based algorithms.

Generally, individual-based algorithms only work with one single solution initialized by

the constructive heuristic algorithm, and iteratively improve it through local search oper-

ators. For example, Eglese [26] proposed the Simulated Annealing algorithm to refine the

initially constructed solution in a multi-depot gritting problem. Hertz et al. [46] developed

a tabu search heuristic called CARPET for the CARP, where a tabu list is used to store

the movement of an edge between routes to avoid the reversal of the moves. Brandão and

Eglese [14] proposed a deterministic tabu search algorithm (TSA) in which the tabu list is

also used to prevent repetitive moves. In addition, they employed Frederickson’s heuristic to

refine the route, and thereby further improve the solution. Mei et al. [78] proposed a global

repair operator to repair the infeasible solution within the optimization of the TSA, resulting

in a new algorithm RTS. Besides, Hertz and Mittaz [47] proposed a variable neighborhood

descent algorithm, which performs local search iteratively until no further better solutions

can be found in the neighborhoods. Polacek et al. [98] proposed a variable neighborhood

search which employs a shaking operation to generate a random solution for the subsequent

local search at each step and the algorithm continues until the maximum steps is reached.

Beullens et al. [11] proposed a guided local search, wherein the neighborhood moves are
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guided though the neighbor lists and edge marking strategies during the local search to

enhance computational efficiency.

In contrast to individual-based algorithms, the population-based algorithm works on a

set of solutions. These solutions are initialized through both constructive heuristics and

the splitting scheme on a set of randomly generated ordered-task-sequence solutions. It is

generally insufficient to populate the initial solution set only using constructive heuristics

since each constructive heuristic only produces one solution. On the other hand, solely

relying on the random generation is likely to generate only poor-quality solutions, potentially

causing an inefficient optimization. After the initialization, the solutions are subsequently

iteratively evolved with both local search and global search operators. As a result, the

inherent diversity of searching makes the population-based meta-heuristic algorithms more

effective and robust than the individual-based meta-heuristic algorithms, and thereby more

prevalent in the recent literature.

A plenty of population-based meta-heuristic algorithms have been proposed in the litera-

ture, among which memetic algorithms stand out as the particularly effective algorithm for

solving CARP and its variants. Lacomme et al. [52] first applied the memetic algorithm

to solve an extended CARP and proposed a Lacomme’s memetic algorithm (LMA). It ran-

domly selects two parent solutions for the ordered crossover operator to produce an offspring

solution, which is then improved by the local search using five neighborhood moves based on

a given probability. In addition, LMA uses a partial replacement procedure for the restart

after a predefined number of productive crossovers to increase the search diversity. However,

the ordered-tasks-sequences representation is used throughout the whole algorithm and the

offspring after local search has to be converted to the explicit routes for fitness evaluation

with the splitting scheme. The violation of the capacity constraint is not considered and the

switch between ordered task sequence and explicit routes potentially degrades the quality of

resultant offspring.
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To overcome this weakness, Mei et al. [82] proposed an improved LMA (ILMA), which

utilizes the explicit-route representation. Solutions in ILMA are converted to an ordered-

task-sequence for the crossover and split after the crossover for subsequent local search.

ILMA allows the violation of the capacity constraints, handled with the penalty strategies

during the optimization. As a result, the performance of the ILMA is significantly better than

the original LMA. Tang et al. [113] introduced a novel local search operator, known as Merge-

Split, with a large step when performing the local search. They proposed a new memetic

algorithm with extended neighborhood search (MAENS). The empirical studies demonstrate

MAENS performs significantly better than all other state-of-the-art optimization algorithms

[113].

Moreover, Feng et al. [31] proposed a formal probabilistic memetic algorithm in which the

intensity of a solution undergoing the local search is determined by an upper bound of the

local search intensity. Liu et al. [62] integrated an iterated local search into their memetic

algorithm framework to further improve the quality of the solution from the local search

when it is close enough to the best parent solution. They also proposed a longest common

substring crossover employed in conjunction with the order crossover to trade off between

the exploration and exploitation. Liu et al. [61] developed a similarity based parent selection

scheme into the memetic algorithm framework, incorporating a hybrid recombination scheme

crossover operation and the extended neighborhood search. Wang et al. [127] proposed

a rank-based memetic algorithm in which a rank-based neighborhood search operator was

designed to further improve the solution after the basic local search operators. The proposed

operator could quantify the efficacy of a neighborhood move based on the rank information of

the edges before its execution, and the move yielding a positive gain would finally be executed,

directing a more effective and promising local search. Recently, Li et al. [57] proposed a

memetic algorithm with non-smooth penalty, in which the concept of smooth degree was

introduced to characterize a CARP solution. The smooth degree correlates positively with
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the quality of solution. Therefore, they proposed partial reconstruction methods with non-

smooth penalty and re-insertion methods to reduce the smooth degree of the solution for

improving the quality of solution along with traditional local search operators.

Besides, there are also various population-based meta-heuristic algorithms in the literature.

For example, Lacomme et al. [53] first introduced the genetic algorithm to solve the CARP.

The ordered crossover operators were applied to parents selected by binary tournament

for a new solution, which was then further improved through several neighborhood moves

based on a given probability. Martinez et al. [71] introduced a biased random key genetic

algorithm to optimize the CARP, in which solutions are encoded as random key vectors

facilitating the use of operators within the genetic algorithm for generating new solutions.

The local search operators and the restart operation were also applied to further improve

the solution. Greistorfer [39] incorporated a tabu search procedure into the scatter search

framework to solve the CPP, which combined elite solutions from tabu search procedure to

produce new solutions to increase the search diversity. Chu et al. [18] and López-Santana

et al. [66] also applied scatter search algorithm to optimize the periodic CARP and CARP

with refill points, respectively. Furthermore, the ant colony optimization (ACO) algorithm

is also effective for CARP. Lacomme et al. [55] applied the first ant colony scheme to solve

the CARP, in which both elitist and non-elitist ants respectively controls the convergence

and the diversity of the search. Local search operations were also applied to enhance the

quality of solutions. The ACO framework was even applied to solve a real-world urban

waste collection problem modeled as a mix CARP [6]. Santos et al. [106] introduced an

improved ant colony meta-heuristic with more effective population initialization procedure,

ant decision rules and local search operations, resulting significant performance improvements

compared to state-of-the-art algorithms. Xing et al. [134] also proposed a hybrid ACO

algorithm to tackle an extended CARP considering both service costs and fixed investment

costs. Additionally, Shang et al. [109] proposed an immune clonal selection algorithm for
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CARP with a variety of different strategies to discover high-quality solutions. Chen et al.

[17] proposed a hybrid meta-heuristic approach with a new randomized tabu thresholding

procedure. Its efficacy is enhanced through the use of a route-based crossover operator for

producing new promising solutions and a quality-and-distance based pool updating strategy

to escape the local optimum. Nagy et al. [88] adapted the artificial bee colony algorithm

with a new sub-route plan operator to optimize the CARP instance.

Although it has already so many powerful algorithms proposed for solving CARP, they

are all not applicable for DCARP due to the calculation of cost and capacity violation of the

routes corresponding to the outside vehicles which have different locations and remaining

capacities. It is more complicated to use an ordered list of tasks as the solution representation

during the optimization because the Ulusoy’s split [120] is not suitable anymore and specific

split schemes [119] are required. Even though a new split scheme has been proposed [119],

its high computational complexity limits its performance. Therefore, the existing algorithm

for static CARP also needs to be adapted to solve DCARP instance.

2.2.3 Optimization Algorithms for DCARP

Even though the CARP has been extensively investigated in the literature with a plenty of

effective algorithms, the studies focusing on DCARP remain comparatively limited so far,

to the best of our knowledge. Dynamic CARP optimization focuses on the rescheduling of

solutions that potentially become inferior when dynamic events occur. Current approaches

for solution updates mostly involve re-optimizing the newly generated DCARP instance from

scratch.

The DCARP was first investigated when considering the salting route optimization prob-

lem and solved by a new memetic algorithm [43]. A repair operator was incorporated to fix
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infeasible solutions produced by an adapted edge assembly crossover, and three neighbor-

hood moves were adopted within the algorithm. Tagmouti et al. [112] considered DCARP

with time-dependent service costs motivated from winter gritting application, in which the

dynamic events are known prior to solution deployment, and optimized with a proposed

variable neighborhood descent heuristic. Liu et al. [59] designed a benchmark generator for

DCARP considering a variety of general dynamic events including availability of vehicles, ac-

cessibility of roads, addition/deletion of tasks. Since then, the investigation and optimization

for DCARP attracted increasing attentions.

Liu et al. [60] proposed a memetic algorithm with new split scheme for DCARP (MASDC).

Since additional constraints of outside vehicles and different remaining capacities in the

DCARP instance cause the Ulusoy’s splitting scheme not to be applicable anymore, the

proposed new distance-based splitting scheme converts ordered-tasks-sequence solutions to

explicit-route solutions for fitness evaluation and local search operations. MASDC initialized

a population of ordered-tasks-sequence solutions, which were evaluated through the distance-

based splitting scheme. Subsequently, the memetic algorithm, consisting of a random key

crossover and three local search operators including single insertion, double insertion and

swap, was introduced to re-optimize the new DCARP instance. As the first algorithm

capable of solving general DCARP instances, experimental results demonstrate that MASDC

is effective for DCARP optimization.

Monroy-Licht et al. [84] considered disruption costs for optimizing the DCARP instance

with broken-down vehicles. They reduced the size of the problem by fixing some variables

and rescheduling only part of the vehicles in the original solution. The remaining tasks

were divided into two sets: one consists of unserved tasks belonging to active vehicles, and

another comprising tasks from failed vehicles. Subsequently, tasks from failed vehicles were

reassigned to the closest active vehicle’s task. Routes for those active vehicles that received

new tasks initially assigned to failed vehicles were rescheduled, and remaining active vehicles
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remained fixed.

Padungwech et al. [94] focused only on new task dynamic events and employed a random

insertion operator to handle them. Initially, new tasks were arranged in a random order, and

then they are inserted into the given solution using a greedy method. This method inserted

each task into a feasible position, satisfying capacity constraints for all routes, within the

solution that resulted in the smallest increase in costs. Following the random insertion

process, Tabu Search was employed to improve the newly generated solution. Experimental

studies showed that random insertion is particularly suitable for scenarios requiring more

frequent update schedules.

Nagy et al. [87] proposed a novel re-routing algorithm handling new task dynamic events,

demand increased events, and vehicle breakdown dynamic events. The added new tasks,

tasks with increased demands that cause routes to exceed vehicle capacity, and tasks from

failed vehicles are removed from the original solution to construct a new solution set. The

proposed re-routing algorithm checked whether these new tasks can be inserted into one

available route without violating capacity constraints. If the insertion is feasible, these tasks

are greedily added to the route that results in the smallest increase in costs. Otherwise,

these new tasks formed a new route which is then assigned to a new vehicle. Recently, they

also proposed an artificial bee colony algorithm for optimizing static CARP and was also

embedded into a DCARP framework2 to optimize DCARP instances [88].

Additionally, it is worth noting that although VRP focuses on serving vertices instead of

tasks/arcs, the research methodologies on solving dynamic VRP (DVRP) are also applicable

for DCARP after transforming DCARP instances into DVRP instances. Nevertheless, such

a transformation will increase the problem’s dimension [33, 96]. For example, the number

of vertices in the CVRP instance will increase if transformed from a CARP instance. The

2This DCARP framework is our proposed framework in Chapter 3.
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number of vertices to be served will be greater than the number of arcs to be served. Fur-

thermore, dynamic events in VRP and CARP are very different. In short, it is not a suitable

approach to convert CARP into capacitated VRP (CVRP) and then solve CVRP. It is better

to design CARP or DCARP specific algorithms as the research community has been doing

for many years.

As reviewed above, existing studies focusing on DCARP in the literature are still limited.

Most works only concentrated on one specific dynamic event. For example, Monroy-Licht

et al. [84] only considered broken-down vehicles, while Padungwech et al. [94] focused only

on new tasks. However, real-world applications always encounter a variety of unexpected

dynamic events due to uncertain factors from the transportation environment or the changes

in tasks [58], all of which impact the quality of currently deployed solution. Therefore, in

this thesis, we focused on a much more general DCARP rather than any specific one to a

particular dynamic event. The considered general DCARP instance can be generated by

any type of dynamic event, such as additional arc requests, changes to the demand, changes

to the arcs’ costs, and so on. These dynamic events only affect the values of the problem

instance without altering the objective or constraint formulas. For example, cost-changing

events only modify the costs of arcs in the problem instance, and adding demands events only

adjust the demands of existing tasks, and new tasks events only impact the total number of

tasks in the problem instance. Consequently, this thesis primarily investigates such general

DCARP instance, in which dynamic events solely affect values of the problem instance.

On the other hand, most existing optimization algorithms for DCARP are specifically

designed to deal with outside vehicles or specific dynamic events. For example, the new

distance-based splitting scheme proposed by Liu et al. [60] was an operator to handle

outside vehicles. However, the random splitting process in their algorithm resulted in poor

optimization performance [60]. Padungwech et al. [94] and Nagy et al. [87] focused solely on

operators for managing new tasks. Therefore, the current literature still lacks of a generalized
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optimization framework benefiting from the powerful algorithms that have already been

proposed to CARP to handle DCARP with much more general dynamic events. In addition,

each DCARP instance is related to its preceding instance and the executed solution, which

could be utilized to enhance DCARP optimization. Unfortunately, these existing works never

considered and utilized such optimization experience, wasting valuable knowledge that could

be used to enhance the optimization process for DCARP instances. Therefore, there is a

need for both the generalized optimization framework and an experience-assisted dynamic

optimization framework for efficient DCARP optimization.

2.2.4 Overview of Other Dynamic Optimization Studies

The dynamic optimization problems are prevalent in both continuous and combinatorial

problem domains, and numerous effective algorithms have been developed to handle the dy-

namic changes in these problems. Generally, the primary target of dynamic optimization is to

track the changing of the optimal solution in a dynamic environment. Several comprehensive

surveys have systematically reviewed the existing dynamic strategies in the literature [72,

89, 136, 138]. Overall, these strategies can be mainly classified into two categories according

to whether or not they benefit from the historical information of former environments.

When dynamic changes happen, algorithms that do not incorporate historical knowledge

typically increase the diversity through randomizing the population [90] or changing hyper-

parameters in the algorithm [102]. Since successive environments usually share some sim-

ilarities [15], historical information of the previous environment is likely to promote the

optimization for the problem in the new environment. Thus, the second category of algo-

rithms exploits the historical information to facilitate dynamic optimization. In the liter-

ature, multiple-population and memory schemes are the most typical strategies. Multiple-

population strategy typically maintains multiple populations during the optimization proce-
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dure and allocates them to different areas of search space to keep a higher search diversity

for the new environment [12, 137]. The memory schemes usually save a set of promising

solutions for the old environment, and then utilize them for a better initialization in the new

environment [16]. Besides, the learning model-based dynamic strategies have recently be-

come popular, which utilize machine learning algorithms to model the changing environment.

For example, Wang et al. [126] introduced a regression transfer learning method to generate

better initial solutions in the dynamic multi-objective optimization problem. Liu et al. [63]

applied neural networks to construct a transfer model that learns environmental changes

and the solutions for the old environment are adapted to the new environment through the

trained model. Zhao et al. [139] employed a denoising auto-encoder to extract the valuable

knowledge from the previous search processes in the dynamic multi-objective optimization.

Most algorithms for dynamic optimization problems were specifically designed for continu-

ous optimization problems or different combinatorial problems, and are not applicable for

DCARP optimization.

In the literature, the Dynamic Vehicle Routing Problem (DVRP) also targets the reschedul-

ing of vehicles in dynamic environments. Many algorithms and strategies have been proposed

for solving the DVRP, mainly including swarm intelligence and evolutionary algorithms [72,

97, 103]. For example, Hanshar and Ombuki-Berman [45] applied the genetic algorithm to

solve DVRP and Sabar et al. [104] proposed a self-adaptive evolutionary algorithm to tackle

DVRP. It is worth noting that most works for DVRP focus on the Ant Colony Optimization

(ACO) algorithm [25, 49]. The ACO is naturally suitable for tackling dynamic problems

since the pheromone model implements the memory strategy and inherit the past experience

[74]. Mavrovouniotis et al. [74] investigated the behaviors of ACO in dynamic travelling

salesperson problem (DTSP) and concluding that the performance of ACO highly relies on

the pheromone update policy. Moreover, Eyckelhof and Snoek [29] inherited the graph’s

pheromone matrix and adjusted the pheromones of a few edges to increase the exploration
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ability for cost-changing dynamic events. Most works in the literature focus on new-task

dynamic events. For settings of pheromone when adding new tasks in the DVRP, the restart

strategy is the most intuitive approach, which assigns an initial pheromone value to the new

task [85]. In addition, according to the position of new tasks, η-strategy and τ -strategy

are proposed to adjust the pheromone values of new tasks [41]. Recently, there are also

special learning-based strategies for handling new tasks. For example, Xiang et al. [132]

proposed a pairwise proximity-based ACO for DVRP, which learns the pair preference of

tasks and applies such pair preferences when constructing the new solution. The pheromone

information in the ACO is used in the new instance, which retains most search experience of

the previous optimization. However, these strategies are only suitable for ACO algorithms

instead of general meta-heuristic optimization algorithms.

Dynamic CARP optimization focuses on the rescheduling of solutions that potentially

become inferior when dynamic events occur. As reviewed above, current literature on dy-

namic optimization for DCARP mostly involves re-optimizing the new DCARP instance

from scratch, except for some strategies tailored to very specific dynamic events. However,

for DCARP scenarios with general dynamic events, the significant knowledge contained in

the solutions or search process of the optimization for the former DCARP instance has not

been effectively utilized. In the literature, knowledge transfer strategies have also been ap-

plied to assist in solving static CARP [30, 32] and uncertain CARP in the literature [2, 3].

Nevertheless, they are also not suitable for DCARP due to either their heavy computational

burden for learning the transfer model or the exclusive applicability to tree-based represen-

tations. Therefore, in this thesis, we will focus on dynamic optimization for the DCARP

scenario, aiming to propose an effective DCARP dynamic optimization framework, which is

capable of extracting valuable experience from former DCARP instances and leveraging it

to enhance the optimization for new DCARP instances within the same DCARP scenario.
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2.3 Simulation and Benchmarking System

In order to test optimization algorithms for DCARP, a simulation system that includes some

common dynamic events is required. Even though a benchmark generator for DCARP has

been proposed by Liu et al. [59], it has shortcomings, which prevent it to be used as research

platform. Intuitively, a DCARP instance should be generated from the dynamic change

of a previous DCARP instance during a solution’s execution, such as road congestion or

recovering from the congestion. However, these essential details are not considered in the

existing benchmark generator [59]. Therefore, we have designed a simulation system which

includes nine commonly occurring events and generates DCARP instances from the existing

CARP benchmark3. Nine events and their corresponding changes in mathematical forms are

listed in Table 2.1, and the architecture of the simulation system is presented in Figure 2.1.

Table 2.1: Types of dynamic events in DCARP.

Event types Changes

1. Vehicle break down dm(uk) : 0→ Q− qk

2. Road closure dc(u) : dc(u)→∞
3. Congestion dc(u) : dc(u)→ dc(u) + c

4. Recover from roads closure * dc(u) :∞→ dc(u)

5. Recover from congestion * dc(u) : dc′(u)→ dc(u)

6. Congestion become worse * dc(u) : dc′(u)→ dc′(u) + c

7. Congestion become better * dc(u) : dc′(u)→ dc′(u)− c

8. Demand increases dm(u) : dm(u)→ dm(u) + d

9. Added tasks dm(u) : 0→ d

dc(u) is the expected deadheading cost of arc u without congestion. dc′(u) is the dead-
heading cost of arc u with congestion. c, d are the changing cost and demand, respectively.
Event 5 is a special case of Event 7 where c = dc′(u)− dc(u) in Event 7.

To make our simulator closer to realistic events, we have added several dynamic events,

which have not been considered in the literature. For example, the road can recover from a
3https://github.com/HawkTom/Dynamic-CARP
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closure or a congestion, which has been marked with a star (*) in Table 2.1. If a vehicle breaks

down, we can assume that this vehicle k has already served some tasks. Consequently, the

demand of the arc uk, where the vehicle k broke down, increases from 0 to Q− qk to include

the already served loads in collection applications. For delivery applications, the broken

down vehicle has no impact to the demand of the arc. As we mainly considered collection or

gritting problems, we assumed in our work that the tasks/demands will not vanish until fully

served, although this may be extended and addressed in the future. However, our proposed

simulator and framework is still applicable and capable of taking these events into account

in case they would be added in future research. Based on Table 2.1, we can easily observe

that all dynamic events impact the cost or demand of arcs. Therefore, we designed the cost

changer and demand changer in our simulation system to simulate these events (Figure 2.1).

Initial Given Map

Termination

Figure 2.1: The architecture of our simulation system.

In Figure 2.1, the system starts from a provided initial graph, which could be taken from

existing benchmarks for static CARP. Then, a CARP solver selected by the user, such as

solvers based on memetic algorithms [113], can be used to obtain the initial solution, i.e.

the initial schedule for the vehicles. The core part of the system is the Service Simulator
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Algorithm 1: The pseudocode of the service simulator
Input: Executable solution S, Previous instance It
Output: The new instance It+1

1 Set probabilities of occurrence for all events: [pevent, proad, pbdrr, pcrr, pcrbb, picd, padd];
2 Execute S on It;
3 Select a uniformly random time to stop execution;
4 Remove all served tasks: make demand of all served tasks be 0;
5 Event 1 Randomly select nbdv vehicles to break down.
6 /**** Cost Changer ****/
7 for each arc ui ∈ A do
8 if rand() < pevent then
9 switch state(ui) do

10 case 0 do
11 if rand() < proad then
12 Event 2 dc(ui) =∞, state(ui) = 2

13 else
14 Event 3 dc(ui) = dc(ui) + c, state(ui) = 3

15 case 2 do
16 if rand() > pbdrr then
17 Event 4 dc(ui) = dc(ui), state(ui) = 0

18 case 3 do
19 r = rand()
20 if r < pcrr then
21 Event 5 dc(ui) = dc(ui), state(ui) = 0
22 else if r < pcrbb then
23 Event 6 dc(ui) = dc′(ui) + c
24 else
25 Event 7 dc(ui) = dc′(ui)− c

26 /**** Demand Changer ****/
27 for each arc ui ∈ A do
28 if dm(ui) > 0 and rand() < picd then
29 Event 8 dm(ui) = dm(ui) + d

30 if dm(ui) == 0 and rand() < padd then
31 Event 9 dm(ui) = 0 + d
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in Figure 2.1, which is used to execute the CARP solution and update the graph. The

pseudocode for the Service Simulator is presented in Algorithm 1. When the solution is

executed, some dynamic events will happen according to a series of predefined parameters

listed in Line 1 and influence the graph at a uniformly random time between the service

start and completion time. After that, a new DCARP instance is generated based on the

dispatched solution.

Once the dynamic change happens on the DCARP instance It, the Service Simulator

stops the execution of the current solution. Then, the cost changer and demand changer

will update the DCARP instance. First, as broken down vehicles influence only a specific

arc, we simulate Event 1 separately from other dynamic events. The algorithm randomly

selects nbdv vehicles from all dispatched vehicles to break down, as shown in Line 5. Events

2 to 7 will influence the cost of several arcs so that the cost changer mainly simulates these

five events, as shown in Lines 7-25. Each arc ui has a traffic property, state(ui), recording

whether it is currently in a changed state compared to its original state having expected cost

without traffic events.

In the cost changer, the simulator firstly determines whether or not a change from the

current state occurs according to the probability pevent for each arc. If a change occurs, a

dynamic event is triggered according to the events’ probabilities and arc’s current changed

state. If an arc keeps the original state, i.e. state(ui) == 0, Event 2 or 3 happens in this

arc depending on probability proad. If state(ui) == 2, the road has broken down before so

that it recovers with a probability pbdrr. If state(ui) == 3, the road is in congestion. It may

either completely recover with a probability pcrr, or the traffic jam may ease or get worse

(by a random cost) with a probability pcrbb or 1 − pcrbb, respectively. Compared to Events

2 to 7, Events 8 and 9 in the demand changer are much easier to implement, because we

assume that the tasks/demands do not vanish unless served completely and the demand of

tasks can only increase under the practical scenarios considered in this thesis. Event 8 may
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happen to a task with a probability picd, increasing the demand by a random amount. For

arcs with no demand, Event 9 will happen with a probability padd.

Finally, we will get a new DCARP instance It+1, and the solver generates a new DCARP

solution. The system terminates after all tasks are served.

2.4 Summary

In this chapter, the first formal mathematical formulation for DCARP optimization is pre-

sented firstly. Then, we provided a detailed literature review about optimization algorithms

on both basic CARP and DCARP, mainly including the constructive heuristic and meta-

heuristics. Meta-heuristics are more prevalent in the literature, which employ various effec-

tive global search and local search operators to discover high-quality solutions in the search

space. Nevertheless, current meta-heuristic algorithms for CARP are not capable of manag-

ing outside vehicles which locate at different points with various remaining capacities. The

limited existing works on DCARP are also not effective for solving DCARP due to ineffective

operations to handle these outside vehicles. Additionally, the existing work in the context of

DCARP only addressed few specific dynamic events and does not cover more general dynamic

events. Moreover, existing works for DCARP optimization only focused on re-optimization

for new DCARP instances, without extracting potentially valuable knowledge from past op-

timization experience to promote dynamic optimization for DCARP scenarios. Hence, in

this thesis, we mainly aim at developing effective meta-heuristic optimization algorithms

for DCARP with general dynamic events, and designing strategies based on optimization

experience to enhance dynamic optimization for DCARP scenarios. Finally, in this chapter,

we also introduce a new simulation system facilitating the research on the DCARP.
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Chapter Three

A Novel Generalized Framework for

DCARP

This chapter is based on the following publication: Tong, Hao, Leandro Minku, Stefan Menzel, Bernhard
Sendhoff, and Xin Yao. “A novel generalized meta-heuristic framework for dynamic capacitated arc routing
problems.” IEEE Transactions on Evolutionary Computation, vol. 26, no. 6, pp. 1486-1500, Dec. 2022.
https://doi.org/10.1109/tevc.2022.3147509.
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3.1 Introduction

DCARP aims to update the service schedule in response to the deterioration of the quality

of the original schedule because of some dynamic events in an uncertain environment. When

dynamic events happen, vehicles are usually located in different points and have served

different tasks resulting in different remaining capacities. Therefore, besides CARP requiring

the total demand being served by a vehicle not to exceed a vehicle’s capacity, a DCARP

instance has two additional constraints, i.e., (1) some vehicles are outside and have to start

from these outside positions and (2) the remaining capacities of these outside vehicles are

different from those of vehicles in the depot.

Due to additional constraints, the calculation of cost and capacity violation of the routes

corresponding to the outside vehicles are required to be specifically considered in DCARP,

causing the existing optimization algorithms for CARP not to be directly applicable to

solve DCARP instances. However, since both static CARP and DCARP target to optimize

the task sequence and schedule the routes for vehicles, the solution representations and

search operators designed for static CARP are also likely to be adopted for solving DCARP.

Nevertheless, these operators are under the assumption that all vehicles start at the depot and

have the same capacities, which is not the case in DCARP. Moreover, it is more complicated

to consider each outside vehicle, separately, during the optimization, because each outside

vehicle has a different remaining capacity and stop location. There is still no existing work in

the current literature that considers leveraging the many powerful optimization algorithms

developed for static CARP to solve DCARP. To address these challenges, in this chapter,

we propose a novel generalized optimization framework, which enables the adoption of all

existing CARP algorithms to DCARP. It is also worthy to mention that the framework does

not exclude future development of new dedicated dynamic algorithms.

Therefore, we are going to answer the RQ1: “How can we benefit from the powerful al-
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gorithms existing for CARP in order to better solve DCARP?”. Our contributions are as

follows:

• We propose a novel framework capable of generalizing almost all existing algorithms

designed for static CARP to the DCARP context. The framework converts a DCARP

instance into a “static” CARP instance by introducing the idea of “virtual tasks”, which

enables outside vehicles (with potentially partial capacity) to be interpreted as vehicles

located at the depot (with their full capacity). The DCARP instance can then be solved

as if it was a static CARP instance by static CARP algorithms. After a solution

is found, its corresponding DCARP route where the vehicles start at their outside

positions is generated.

• As a dynamic scenario is composed of a series of DCARP instances, similarities between

DCARP instances can and should be exploited. Therefore, we propose two strategies

for generating initial solutions in our framework, namely a sequence transfer strategy

and a restart strategy, to solve a new DCARP instance. The sequence transfer strategy

generates a potentially good solution based on the previous optimization experience

by transferring the sequence of remaining unserved tasks. The restart strategy starts

from scratch without using any information and optimizes each DCARP instance in-

dependently of each other.

• We perform extensive experiments with a variety of DCARP instances, demonstrating

the effectiveness of the proposed framework. We show that valuable research progress

achieved by the static CARP literature can contribute towards optimization results

that significantly outperform the existing algorithm [60] that was specifically designed

for DCARP.

The remainder of this chapter is organized as follows. Section 3.2 introduces the main

algorithm of our generalized optimization framework for DCARP. Section 3.3 presents our
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experimental study on the proposed framework to evaluate its efficiency. Section 3.4 con-

cludes this chapter.

3.2 A Generalized Optimization Framework

In this section, we propose a virtual-task strategy to change a DCARP instance to a ‘virtual

static’ instance. After that, a generalized optimization framework based on a virtual-task

strategy for DCARP with two different initialization strategies is proposed, which can make

use of algorithms for static CARP for solving DCARP.

3.2.1 Virtual Task Strategy

As discussed in the previous section, the main challenge of scheduling vehicles for DCARP

by using algorithms designed for static CARP is to take the outside vehicles with different

locations and remaining capacities into account. We propose a virtual task strategy that

forces all outside vehicles to virtually return to the depot for optimization purposes, such

that all vehicles (some virtually) start at the depot during the optimization. As a result,

algorithms for static CARP, which assume that all vehicles start at the depot, can be adopted.

After the optimization, the obtained solution with routes starting from the depot will be

converted to an executable solution according to the locations of outside vehicles. In other

words, even though the outside vehicles will virtually return to the depot for running the

optimization process, in the executable solutions themselves, the outside vehicles start their

new routes from their outside locations. For this strategy to work, some adjustments need

to be made so that the optimization problem with virtual tasks is equivalent to the actual

DCARP instance being solved. Such adjustments will be explained next.
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The pseudocode of constructing the virtual task is presented in Algorithm 2. Despite

virtually returning to the depot, the outside vehicles are still required to start from the

stop location when executing the new schedule after a change. So, these virtually returned

vehicles have to first virtually move to their stop location in the new schedule. Therefore,

the vehicles must serve some virtual paths in the new schedule to reach this stop location.

The graph of the CARP instance is thus modified to include these virtual paths, which can

be regarded as virtual tasks being optimized along with the normal tasks by a static CARP

algorithm, as shown in Lines 2-4. We also need all vehicles in the depot to have the same

full capacities to be able to use static CARP algorithms. Therefore, we assign the previous

demands that have been served by an outside vehicle to the corresponding virtual task, as

shown in Line 7. As a result, a DCARP instance is converted to a ‘static’ CARP instance, in

which all vehicles are located at the depot with the same capacities. It is worthy to mention

that the “virtual task” idea has also been used for large scale CARP [114], which is totally

different from our idea here. They used the virtual task to represent the grouped neighboring

tasks such that the problem’s dimensionality can be reduced.

Algorithm 2: Pseudocode of constructing virtual tasks
Input: Task set R = {t1, t2, ..., tNt},

Stop locations of outside vehicles: OV ,
Remaining capacity of outside vehicles: RQ.
Vov = {sp1, sp2, ..., spNov}, RQ = {q1, q2, ..., qNov}

Output: The updated task set: ER

1 for each outside vehicle k do
2 Construct an Arc with virtual task vtk;
3 Head: headvtk = v0, where v0 is the depot;
4 Tail: tailvtk = spk;
5 Deadheading cost: dc(vtk) = ∞;
6 Serving cost: sc(vtk) = mdc(v0, spk);
7 Demand: dm(vtk) = Q− qk, where Q is the original capacity of vehicles;
8 Add this virtual task into task set: ER = ER ∪ vtk.

A virtual task can also be interpreted as a representation of an outside vehicle’s previous
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serving status, including the total cost, served demand and stop location before the occur-

rence of the dynamic events. During the optimization, the virtual tasks are regarded as arcs

to be assigned to routes when being rescheduled. These arcs need to be served, so that some

depot vehicles will actually correspond to the outside vehicles. Once a depot vehicle serves

a virtual task, its remaining capacity will become the same as the remaining capacity of the

corresponding outside vehicle, and so will its stop location. However, vehicles that are not

serving these virtual arcs should not be able to traverse them, because these virtual arcs

are not actual physical paths that can be used by vehicles. This is achieved by assigning a

deadheading cost (traversing cost) of dc(vt) = ∞ to these arcs, as shown in Line 5. Note

that this infinite traversing cost is not included as part of the serving cost.

The serving cost of a virtual task should be zero. This is because in reality, the outside

vehicles are already in the stop locations and have already served some tasks. They should

not incur any extra cost to stay where they were. However, in our strategy, a virtual task’s

serving cost is set as the minimal total deadheading cost between the depot and the vehicle

stop location (Line 6) because some algorithms such as Path-Scanning use this cost as a

denominator when deciding which task to assign to the current route [36]. To avoid this cost

being counted towards the total cost in the objective function, the additional cost will be

subtracted from the actual total cost after the optimization using the virtual task strategy.

Besides, the demand is set as the amount corresponding to the demand already served by

the vehicle, i.e. Q − qk, to avoid the total demand of tasks in its new route exceeding the

vehicle’s remaining capacity qk (Line 7).

In order to improve the understanding of how virtual tasks in DCARP instances are

constructed, an example for tasks t1, t2 is provided in Figure 3.1. One vehicle traverses from

v0 (depot) and serves the task t1 (Figure 3.1 left). When the dynamic change happens, a

vehicle is located at v2. This vehicle is virtually placed into the depot and a virtual task vt1 is

constructed between v0 and v2 (Figure 3.1 right). This virtual task will enable the vehicle to
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go back to its outside position to continue serving other tasks. The demand of vt1, dm(vt1),

equals to Q − dm(t1), such that when the vehicle virtually returns to its outside position,

its remaining capacity will be the same as the remaining capacity at the rescheduling point.

The deadheading cost of vt1, dc(vt1) is set to∞ to prevent other vehicles from traversing the

virtual arc. This enables the outside vehicle to serve the virtual task. The serving cost of

vt1, sc(vt1), equals to mdc(v0, v2). This serving cost is incurred by the vehicle when it serves

the virtual task, but is later on deducted from the objective function of the problem, so that

the objective value with the virtual task strategy remains the same as the objective value

without the virtual task strategy. After that, the new DCARP instance with the remaining

task t2 and the virtual task vt1 will be optimized using one of the algorithms which are

available for static CARP, in which the task t1 is removed because it was already served

before the change that triggered the rescheduling.
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Figure 3.1: An example of constructing virtual tasks.

After applying the virtual-task strategy, the route formulation in a DCARP solution

S = {r1, r2, ..., rNov , ..., rK} becomes:

rk = (v0, vtk, tk,2, tk,3, ..., tk,lk , v0), k = 1, 2, ..., Nov.

rk = (v0, tk,1, tk,2, ..., tk,lk , v0), k = Nov + 1, ..., K.

The new formulation of the optimization objective and the constraints for a DCARP
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instance is given in Eq. 3.1:

Min TC(S) =
K∑
k=1

RCrk −
Nov∑
k=1

mdc(v0, spk).

s.t.
K∑
k=1

lk = NT +Nov.

tk1,i1 ̸= tk2,i2 , for all (k1, i1) ̸= (k2, i2).

lk∑
i=1

dm(tk,i) ≤ Q, ∀k = 1, ..., K.

(3.1)

where for route {rk|k = 1, 2, ..., Nov}, tk,1 = vtk. The second term
∑Nov

k=1mdc(v0, spk) is to

balance out Line 6 in Algorithm 2 so that we do not count the serving costs of virtual tasks.

The above adjustments enable a new schedule for the converted ‘static’ CARP instance

to be obtained by directly using meta-heuristic algorithms for static CARP. An executable

solution is obtained by removing the virtual tasks from the routes in the new schedule and

assigning it to the corresponding outside vehicles. The virtual task is better to be the first

task in a vehicle’s route. If a given virtual task is not the first task of a service route found

by the static CARP algorithm, the tasks before this virtual task will be assigned to a new

vehicle starting from the depot and the following tasks will be served by the corresponding

outside vehicle. In such a case, we split a route that contains virtual tasks in the middle

into multiple routes with one route served by a vehicle from the depot and others served

by the corresponding outside vehicle. In this way, the total cost of the CARP solution will

not be influenced by splitting because the head node of the virtual task is also the depot.

An example (without relations to Figure 3.1) of converting an obtained new solution to an
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executable service plan is provided below:

(v0, vt1, t2, v0), (v0, t3, t4, vt2, t5, v0)

↓

(v0, vt1, t2, v0), (v0, t3, t4, v0), (v0, vt2, t5, v0)

↓

(sp1, t2, v0), (v0, t3, t4, v0), (sp2, t5, v0).

In the above example, the solution (top) contains two routes and two outside vehicles (i.e.

two virtual tasks). In the second route, the virtual task located in the middle of the task

sequence. If the first task of a route is a virtual task, the remaining tasks of the route

are served by the outside vehicle. Otherwise, all tasks of the route are served by a new

empty vehicle. Therefore, after conversion (middle), tasks t3, t4 are assigned to a new vehicle

starting from the depot, but task t5 should actually be served by the outside vehicle. The

final executable routes (bottom), are obtained by removing the virtual tasks and starting

from the corresponding stop locations (The sp1 and sp2 are the stop locations of outside

vehicles corresponding to vt1 and vt2).

3.2.2 Proposed Framework based on Virtual-Task Strategy

There are generally two commonly used strategies in dynamic optimization. One is to re-start

the optimization, which can also include some additional diversity enhancing techniques [72].

The other is to migrate some good solutions for the old environment to the new environment

and initialize the starting individuals with them [73, 89].

These two strategies could also be used in our optimization framework. The restart strat-

egy is straightforward to apply after a change has occurred. However, the current strategies

for re-using good solutions for the old environment may not be suitable for our DCARP
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scenarios because the dynamic events may influence the problem’s dimension and the pre-

vious solution’s feasibility in a DCARP scenario. For example, the served tasks and added

tasks change the total number of tasks, and the potential road closure event makes previous

solutions infeasible in the new DCARP instance.

Algorithm 3: Pseudocode of knowledge (sequence)
1 transfer strategy Input: Previous best solution St−1

Output: A newly transferred solution St

2 Convert St−1 into an ordered list of tasks Pt−1;
3 Remove all served tasks from Pt−1;
4 Pt = Pt−1, lP = |Pt|;
5 The newly added tasks set NER = {nt1, nt2, ..., nt|NER|};
6 for each nti ∈ NER do
7 for each position in Pt do
8 Calculate the increased cost after insertion;

9 Obtain the position p with the smallest increased cost;
10 Insertion: Pm = [t1, ..., tp, nti, tp+1, ..., tlP ];
11 lP = lP + 1;
12 NER = NER \ {nti}.
13 Use split scheme in Pt.

Therefore, we propose a new knowledge (especially sequence) transfer strategy for the

DCARP scenario (Algorithm 1), which can benefit from previous DCARP instance’s best

solutions. Given an instance It, all scheduled routes in the best solution St−1 of the previous

instance It−1 are concatenated to construct an ordered list of tasks Pt−1. All tasks that have

been served are then removed from the list in Pt−1, and the remaining tasks keep their orders.

After that, the newly added tasks are inserted into Pt−1 greedily, i.e., they are inserted into

the positions with the smallest increased cost. Finally, a corresponding transferred solution

is generated by using the split scheme to convert an ordered list to an explicit-route solution.

The newly transferred solution is used as one of the initial solutions when optimizing the

new DCARP instance using the population-based algorithm.

On the basis of the virtual-task strategy and two initialization strategies, i.e. the restart
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strategy and the sequence transfer strategy, we propose a generalized optimization framework

with virtual tasks (GOFVT) to generalize static CARP algorithms to dynamic scenarios. Our

framework comprises four main steps:

1. Construct virtual tasks;

2. Apply the restart strategy (randomly generate initial solutions) or the sequence trans-

fer strategy (generate one transferred solution for individual-based algorithms and

additionally generated random solutions for population-based algorithms);

3. Apply the meta-heuristic algorithm to optimize the converted “static” CARP instance;

4. Convert the obtained solution with virtual tasks to an executable solution without

virtual tasks.

For a DCARP instance, the framework will first construct the virtual tasks to convert the

dynamic instance to a ‘static’ instance. Then, one of the two initialization strategies ex-

plained above can be adopted to assist the optimization for the DCARP instance. In the

computational studies in Section 3.3, we will compare the effectiveness of these two strate-

gies. Then, meta-heuristic algorithms with the initialization strategy are applied to optimize

the DCARP instance which is a ‘static’ instance with virtual tasks. Finally, the solution ob-

tained for the ‘static’ instance is converted into an executable solution, in which the routes

with virtual tasks are assigned to the corresponding outside vehicles and the routes without

virtual tasks are assigned to vehicles located at the depot.

3.3 Experimental Studies

In order to evaluate the efficiency of our proposed framework (GOFVT), three sets of exper-

imental studies have been conducted by embedding a selection of meta-heuristic algorithms
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in the GOFVT in this section. After providing the experimental set-up (Section 3.3.1), in the

first experiment, the virtual-task strategy is compared with a simple rescheduling strategy

(Section 3.3.2). After that, the virtual-task strategy’s efficiency is investigated by comparing

it with an existing algorithm for DCARP in the second experiment (Section 3.3.3). Finally,

in the last experiment, GOFVT is combined with several classical meta-heuristic algorithms

originally designed for static CARP, and its performance is analyzed by running the newly

generated algorithms in DCARP scenarios (Section 3.3.4).

3.3.1 Experimental Settings

All experiments are conducted on a series of DCARP instances or scenarios generated by

the simulation system presented in Section 2.3, based on a static CARP benchmark, namely

the egl set [56]. The egl set contains 24 CARP instances. In each experiment, the DCARP

instances or scenarios are generated independently of static CARP instances. For our first

and second set of experiments, 3 DCARP instances are generated for each static CARP

instance. These DCARP instances are not used to compose a DCARP scenario, as the

algorithms just optimize the current instance and do not use any knowledge transfer in

these two experiments. For the third experiment, one DCARP scenario including 5 DCARP

instances is generated based on each CARP instance. For a fair comparison, each DCARP

instance is generated from the best solution among all obtained solutions by all compared

algorithms in the previous instance. When the simulator executes the selected solution

according to the deployment policy, the time for serving all tasks will be calculated first,

and the simulator will uniformly randomly select a stop point (for dynamic events) within

the longest time. As we only require a set of DCARP instances to test the effectiveness of

proposed strategies and framework, we have arbitrarily chosen parameters according to real

world situations. For example, a road is more likely to become congested than being closed,
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hence we set proad = 0.1. In our experiments, the parameters of the simulator are chosen

as pevent = 0.5, proad = 0.1, pbdrr = 0.5, pcrr = 0.3, pcrbb = 0.6, pcid = 0.35, padd = 0.35. In

the future, we will carry out a more comprehensive study of the characteristics of simulator

in relation to its parameter values. Eight different types of dynamic changes (Table 2.1)

are simulated in our simulator excluding the case of “vehicles broken down” because its

formulation is the same as the event of added tasks.

Because a key optimization requirement when dynamic changes happen in the real world

is to obtain a new solution quickly, we limit the maximum optimization time to 60s for the

small problems (E1 ∼ E4) and 180s for larger maps (S1 ∼ S4) in egl for all algorithms. All

programs are implemented in C language and run using a PC with an Intel Core i7-8700

3.2GHZ. The source code of our experiments has been available on github1.

3.3.2 Evaluating the Necessity of Rescheduling in DCARP

Although many algorithms have been proposed to solve DCARP in the literature, a simple

baseline strategy, named the return-first strategy, has been ignored. The return-first strategy

schedules all outside vehicles back to the depot first in order to convert a DCARP instance to

a static one, and then reschedules all vehicles for the new static instance after all vehicles are

located at the depot. If the return-first strategy is efficient enough, the direct optimization

of a DCARP instance would not be necessary anymore. However, since this has not been

shown in the literature so far, in this subsection, we use the proposed virtual-task strategy

to solve DCARP and compare it with the return-first strategy to show the importance of

optimizing DCARP instances directly instead of ignoring the outside vehicles and assigning

new vehicles to all remaining tasks.

In our experiment, the simulation system generates three different DCARP instances for
1https://github.com/HawkTom/Dynamic-CARP
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Table 3.1: Results of virtual-task strategy (VT) and return-first strategy (RF) on DCARP
instances with different settings of remaining capacities from the egl dataset. The value
in each cell represents “Mean ± Std” over 25 independent runs and the bold ones denote
the better result on the DCARP instance based on the Wilcoxon signed-rank test with a
significance level of 0.05. The penultimate row summaries the number of win-draw-lose of
RF strategy versus VT strategy and the last row provides the p-values of the Wilcoxon
signed-rank test with a significance level of 0.05 on instances with the same settings of all
maps.

Static Map
Instance 1 (q ∈ [0, 0.33Q]) Instance 2 (q ∈ [0.34Q, 0.66Q]) Instance 3 (q ∈ [0.67Q,Q])

RF VT RF VT RF VT

E1-A 8386±22 8095±31 10397±34 9925±22 8630±8 8566±10
E1-B 9830±29 9839±39 9718±22 8437±28 9675±16 9208±29
E1-C 12181±52 12109±52 14726±31 14106±16 11286±11 10565±25
E2-A 10255±6 10480±6 13740±27 12278±29 11692±51 10231±34
E2-B 13162±15 13317±23 16435±29 15207±18 15667±35 14321±55
E2-C 17425±41 17566±35 17444±32 16881±25 14186±16 13871±46
E3-A 11343±42 11167±17 12877±21 12030±26 10369±19 8869±12
E3-B 15517±84 15776±31 15150±31 12797±68 20743±59 20081±39
E3-C 20549±69 20880±63 20012±144 18078±88 27521±81 25289±82
E4-A 11216±31 11387±27 12489±26 12152±32 16213±29 14858±135
E4-B 15522±40 15242±62 14933±65 13791±63 17477±71 15869±29
E4-C 20928±63 20691±41 21998±28 20174±86 17869±79 15798±59
S1-A 16097±49 16012±40 15643±31 14917±40 13684±53 13159±18
S1-B 20462±69 21167±58 16184±35 15697±35 15151±19 13428±82
S1-C 27944±71 28624±116 21040±36 18616±87 26470±103 25789±76
S2-A 19610±85 19479±107 22314±40 20016±48 22499±67 19212±82
S2-B 27970±75 28408±59 26334±130 25911±118 25723±67 25024±94
S2-C 31859±108 32101±125 40170±132 38575±186 35053±143 31815±133
S3-A 19489±64 19211±107 23630±118 21329±98 28237±76 24494±71
S3-B 27518±72 27521±98 25651±64 24311±93 32286±50 30646±96
S3-C 32468±93 32049±107 35435±67 33927±68 43151±98 40801±97
S4-A 27256±87 28082±142 23780±74 22788±95 29895±102 27576±105
S4-B 34872±122 34709±149 28283±121 28023±93 31770±87 30652±125
S4-C 43746±168 44165±157 36808±117 36706±123 44006±145 42827±178

#of ‘w-d-l’ 12-3-9 0-0-24 0-0-24
p-value 0.22 1.82e-5 1.82e-5
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each test map (i.e., a static instance in the egl benchmark set) with different sets of remaining

capacities. As this experiment aims to demonstrate the necessity and efficiency of directly

optimizing DCARP instances, the setting of remaining capacities is divided into three in-

tervals, i.e., [0, 0.33Q], [0.34Q, 0.66Q] and [0.67Q,Q]. Then, an optimization algorithm,

Memetic Algorithm with Extended Neighborhood Search (MAENS) [113], assisted with the

return-first strategy and virtual-task strategy are applied to optimize each DCARP instance,

respectively. Two algorithm instantiations using MAENS follow the same setting during the

optimization such that the return-first strategy and virtual-task strategy is the only differ-

ence between them. The comparison results in terms of mean and standard deviation over

25 independent runs (mean±std), of the return-first (RF) strategy and virtual-task (VT)

strategy on DCARP instances with different remaining capacities are presented in Table 3.1.

The bold values with gray background for each DCARP instance are the better results be-

tween return-first strategy and virtual-task strategy based on the Wilcoxon signed-rank test

with a significance level of 0.05. The second last row of Table 3.1 summarizes the number of

win-draw-lose of the RF versus VT strategies. We have calculated the Wilcoxon signed-rank

test with a significance level of 0.05 for the mean total cost of RF and VT strategies on the

instances with the same range of remaining capacities, and the p-values are listed in the last

row of Table 3.1.

Table 3.1 shows that the RF and VT strategies are significantly different for the instances

where the remaining capacities are in the range of [0.34Q,Q] (instances 2 and 3 in Table

3.1), with the VT strategy outperforming the RF strategy on all DCARP instances. In

contrast, for the scenarios with remaining capacities in [0, 0.33Q], there are 12 out of 24

DCARP instances where the RF strategy outperforms the VT strategy. When comparing

the results using the Wilcoxon test across maps, we confirm that none of these strategies is

a consistent winner when analyzed across maps where the remaining capacities are smaller

than 0.33Q. This is understandable because when the vehicles are mostly fully loaded, i.e.,
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when the remaining capacities are smaller than 0.33Q, there is limited space for serving more

tasks no matter what strategy is used.

Overall, we can conclude that it is necessary and much more effective to optimize the

DCARP instance directly rather than using the RF strategy when outside vehicles have

enough remaining capacities.
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Figure 3.2: An example of demonstrating why the RF strategy is not efficient enough when
outside vehicles have enough remaining capacities.

The reason why the RF strategy is not always helpful when outside vehicles have enough

remaining capacities can be explained using a simple example in Figure 3.2, where an outside

vehicle stops at vertex 1. If its remaining capacity is sufficient to serve task t23, it can directly

traverse from vertex 1 to vertex 2, presented as ‘Path 2’ in Figure 3.2, and the final total cost

will be RC = mdc(v1, v2) +mdc(v2, v3) +mdc(v3, v0). But if we apply the RF strategy, the

total cost will change to RC = mdc(v1, v0)+mdc(v0, v2)+mdc(v2, v3)+mdc(v3, v0), presented

as ‘Path 1’ in Figure 3.2. It is obvious that the total cost for the RF strategy is greater then

that of the VT strategy because mdc(v1, v0)+mdc(v0, v2) ≥ mdc(v1, v2) according to triangle

inequality. The RF strategy increases the final cost because vehicles take a detour in such

cases.
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3.3.3 Analysis of the Effects of the Virtual-Task Strategy

Memetic algorithm with new split scheme (MASDC) [60] is the only meta-heuristic algorithm

for DCARP in the literature that considers a general DCARP scenario including several

dynamic events, such as road closure and added tasks. It comprises a distance-based split

scheme to assist the DCARP solution being used in the crossover and local search. Our

virtual-task strategy can convert a DCARP instance to a ‘static’ CARP instance so that

the operator used in the static CARP can be used in the DCARP instance directly. In this

subsection, we analyse the effects of our VT strategy by embedding it to MASDC, referred to

as VT-MASDC, and comparing it to the original MASDC. The advantage of embedding our

strategy into MASDC is that this enables us to isolate and analyse the effect of the virtual

tasks compared to a state-of-the-art DCARP algorithm. In particular, all components in

MASDC and VT-MASDC are the same except for the use of virtual tasks and the distance-

based split scheme. The latter needs to be replaced by Ulusoy’s split scheme in VT-MASDC

because the distance-based split scheme is specifically designed for DCARP instances with

outside vehicles at different stop locations. When we apply the virtual task strategy, the

DCARP instance is converted to the ‘static’ instance where all vehicles are located at the

depot. Therefore, the distance-based split scheme is not suitable anymore and the Ulusoy’s

split scheme is used instead. The use of virtual tasks is thus inherently linked to this split

scheme, and any advantages provided by the virtual tasks are also linked to the fact that

they enable this split scheme to be adopted.

In our experiment, we generate three independent DCARP instances for each map in

the egl benchmark set, ensuring that outside vehicles has enough remaining capacities, i.e.

q ≥ 0.5Q, in all generated instances. However, we need to generate DCARP instances rather

than DCARP scenarios because the aim of DCARP is to minimize the total cost for each

DCARP instance separately (Eq. 2.3). The optimization results are presented in Table
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Table 3.2: Results of MASDC and VT-MASDC on DCARP instances from the egl dataset.
The value in each cell represents “Mean ± Std” over 25 independent runs and the bold ones
denote the better result on the DCARP instance based on the Wilcoxon signed-rank test
with the level of significance 0.05. The last row summaries the number of win-draw-lose of
MASDC versus VT-MASDC.

Map Ins MASDC VT-MASDC

E1-A
1 19354±748 16180±1716
2 15074±529 12551±1584
3 18528±724 15927±1946

E1-B
1 20644±783 17229±1644
2 18052±716 15889±1394
3 18947±564 15691±1664

E1-C
1 22591±754 19104±1379
2 18778±556 16192±1444
3 23001±1039 18119±1755

E2-A
1 23673±917 20981±1881
2 19463±762 16235±2155
3 18319±697 15843±1800

E2-B
1 25745±869 21650±2151
2 23281±816 20146±1744
3 23517±941 19071±2264

E2-C
1 29112±1014 24493±2035
2 23363±682 20451±1624
3 27457±896 24353±1883

E3-A
1 24838±1030 20851±1867
2 25274±1011 21138±2332
3 26588±1254 22012±2441

E3-B
1 27026±893 22399±2364
2 27106±812 21950±2649
3 23861±833 20398±2059

E3-C
1 31574±942 27110±2354
2 32775±1018 28566±1542
3 31589±679 28282±1855

E4-A
1 20835±854 17411±1440
2 23469±939 20619±1781
3 25219±896 22005±2083

E4-B
1 23648±946 20050±1708
2 26950±779 23664±2491
3 25755±844 21767±2165

E4-C
1 28338±812 25212±1430
2 30586±708 26925±1560
3 28152±762 24482±1979

Map Ins MASDC VT-MASDC

S1-A
1 35122±1318 28122±2707
2 37189±1362 32033±2467
3 40972±1185 34348±2529

S1-B
1 38612±1196 33192±2775
2 36846±1292 32335±2240
3 37521±1153 32815±2734

S1-C
1 42269±1540 37935±2671
2 36263±971 31978±2606
3 48458±1389 43726±2405

S2-A
1 57452±1384 51503±4217
2 58765±1622 52707±3584
3 45582±1390 40030±2801

S2-B
1 64514±2001 54667±3991
2 58803±1833 53834±2675
3 56169±1253 48964±2281

S2-C
1 65181±1799 58049±2561
2 72010±1674 64127±3558
3 75819±2091 69322±2828

S3-A
1 49937±1061 43826±3168
2 45992±1571 39608±3019
3 43552±981 36280±2977

S3-B
1 56644±1736 51214±2533
2 61856±1440 53962±3334
3 66870±1877 57878±3772

S3-C
1 62193±1778 56232±3060
2 69501±1601 62797±3424
3 79699±1891 71613±3912

S4-A
1 58456±1621 51512±3298
2 55394±1746 49422±3517
3 64795±1546 58676±3517

S4-B
1 64343±1886 57017±3622
2 65027±1712 57413±3033
3 60143±1612 53342±3323

S4-C
1 69224±1475 62760±2929
2 68070±1424 62304±2465
3 78134±1893 69348±3451

# of w-d-l 0-0-72
p-value 1.67e-13
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3.2, in which the values in each cell represent the mean and standard deviation over 25

independent runs (mean±std). For each DCARP instance, the better result, based on the

Wilcoxon signed-rank test with a significance level of 0.05, is highlighted using a bold font

and gray background in Table 3.2. The summary of win-draw-lose of MASDC versus VT-

MASDC, which is presented in the last row, shows that VT-MASDC outperforms MASDC

on all generated DCARP instances. The Wilcoxon signed-rank test with a significance level

of 0.05 was conducted for the average total cost of VT-MASDC and MASDC in all instances,

and the p-value was 1.67e-13. Overall, we can conclude that VT-MASDC performs much

better than the original MASDC.

MASDC uses a distance-based split scheme (DSS) to evaluate DCARP solution’s fitness

because the split scheme designed for static CARP is not suitable for DCARP [119]. The

DSS operator randomly splits the sequence of tasks to an executable CARP solution with

explicit routes, and the random splitting process is repeated three times to obtain a better

schedule. After embedding with the VT strategy, the DSS operator is replaced by Ulusoy’s

split [120] as explained in the beginning of this subsection, and the evaluation of a sequence

of tasks only requires to apply the Ulusoy’s split once. As a result, the randomness brought

by the DSS’s split scheme is removed.

Moreover, the DSS operator never considers new vehicles starting from the depot during

the optimization, whereas our VT strategy enables both outside and new vehicles to be

used. We provide an example in Figure 3.3 to show the advantages of considering new

vehicles during the optimization of DCARP. An outside vehicle is located at vertex 1, and

its remaining capacity can only serve task t23. We assume that mdc(v0, v1) +mdc(v0, v2) ≈

mdc(v1, v2) and mdc(v3, v0) + mdc(v0, v4) ≫ mdc(v3, v4) and the total cost of ‘Path1’ and
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0

1
2

3

4

51à 0
0à 2à 3à 4à 5à 0

1à 2à 3à 0à 4à 5à 0

0

Task

Depot

Path1
Path2

Path 1 (VT-MASDC):

Path 2 (MASDC):

OV

Figure 3.3: An example of demonstrating the advantages of considering new vehicles.

‘Path2’ can be calculated as:

TC1 = mdc(v1, v0) +mdc(v0, v2) + sc(t23) +mdc(v3, v4) + sc(t45) +mdc(v5, v0),

TC2 = mdc(v1, v2) + sc(t23) +mdc(v3, v0) +mdc(v0, v4) + sc(t45) +mdc(v5, v0).

For a sequence of tasks [0, t23, t45, 0], if applied with the DSS operator, the only obtained

path will be ‘Path 2’ as shown in Figure 3.3. In contrast, if we use the VT strategy, a

better path, i.e. ‘Path 1’ in Figure 3.3, can be obtained, which avoids traversing the longer

returning path.

3.3.4 Analysis of the Proposed Framework

The proposed optimization framework GOFVT is capable of generalizing almost all algo-

rithms for static CARPs to optimize DCARP. To demonstrate its effectiveness and efficiency,

we have selected three classical meta-heuristic algorithms for static CARPs, namely RTS [78],

ILMA [82] and MAENS [113], and embedded them into the GOFVT in our experiments to

evaluate whether it is advantageous to make use of existing static CARP algorithms within
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the GOFVT framework.

A brief description of each algorithm is presented below.

• RTS [78]: A global repair operator which is embedded in a tabu search algorithm

(TSA [14]). Source code is available online2.

• ILMA [82]: An improved version of Lacomme’s memetic algorithm (LMA) [54]. For

our experiments, we implemented ILMA3 ourselves according to the details given in

[82].

• MAENS [113]: A memetic algorithm with a merge-split operator. Source code is

available online4.

The newly generated algorithms for optimizing DCARP are denoted as VT-RTS, VT-

ILMA and VT-MAENS. We use these acronyms to denote GOFVT with the restart strategy.

When using the sequence transfer strategy, they are denoted as VTtr-RTS, VTtr-ILMA,

VTtr-MAENS.

To demonstrate the efficiency and robustness of our proposed framework, we use param-

eters as given in their original papers [78, 82, 113]. In order to compare the restart and

sequence transfer strategies, a DCARP scenario consisting of 5 DCARP instances has been

generated for each static map in egl benchmark set in our experiments. A new DCARP in-

stance is generated by executing the obtained best solution of the previous DCARP instance

in our simulation system.

We have also embedded MASDC into GOFVT and generated two algorithms as VT-

MASDC and VTtr-MASDC, respectively. The results of above eight algorithms are presented
2https://meiyi1986.github.io/publication/mei-2009-global/code.zip
3https://github.com/HawkTom/Dynamic-CARP
4https://meiyi1986.github.io/publication/tang-2009-memetic/code.zip
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in Table 3.3. The values in each cell represent the ‘mean±std’ and the average ranking (in

the brackets) among 8 algorithms in terms of the average total cost over 25 independent runs.

The bold values represent the better result between the restart strategy and the sequence

transfer strategy for each algorithm on a DCARP instance under the Wilcoxon signed-rank

test with a significance level of 0.05. Rows where both the restart strategy and sequence

transfer strategy are in bold imply that these two strategies are not significantly different

under the hypothesis test. The summaries of win-draw-lose of the restart strategy versus

the sequence transfer strategy on all DCARP instances are listed in the penultimate row.

We have also conducted the Wilcoxon signed-rank test with a significance level of 0.05 for

the average total cost of the restart strategy and sequence transfer strategy of each meta-

heuristic algorithm on all instances, and the p-values associated with each meta-heuristic

algorithm are listed in the last row of Table 3.3.

We conclude that the restart strategy is significantly different from the sequence trans-

fer strategy when embedded in RTS (0.01 < 0.05), but both strategies obtain a similar

performance when embedded in ILMA (0.15 > 0.05), MAENS (0.93 > 0.05) and MASDC

(0.95 > 0.05). This is mainly because RTS is an individual-based meta-heuristic algorithm

while ILMA, MAENS and MASDC are population-based algorithms. An individual-based

algorithm only uses one solution during optimization. The solution generated by the se-

quence transfer strategy will be the only initial solution in the individual-based algorithm

and therefore significantly influences the optimization result. In contrast, the population-

based algorithm contains a population during the optimization so that it depends much less

on a single transferred solution.

From the statistical test result and the number of ‘win-draw-lose’ of all DCARP instances

for the individual-based algorithm, i.e. RTS, we can conclude that the performance of the

sequence transfer strategy is better than the restart strategy. The efficiency depends on how

much information is transferred from the previous best solution. For a CARP solution, the
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Chapter 3. A Novel Generalized Framework for DCARP

most critical information is the sequence of tasks of each route. Therefore, if each route

has many tasks left, and these remaining tasks can also maintain the tasks’ sequence of

the best solution in the previous instance, the transferred solution will be of high quality.

The sequence transfer strategy fixes the remaining tasks’ position to maintain the sequence

information. Then, new tasks are inserted into the sequence to construct a new initial

solution. If an outside vehicle has only a few remaining tasks, most tasks in the new schedule

will be the new tasks so that the new schedule is unlikely to benefit much from the previous

best schedule.

In contrast, if there are many remaining tasks for an outside vehicle, the order of remaining

tasks will be maintained in the new sequence of tasks, and the Ulusoy’s split will still assign

them to an outside vehicle. Consider the following two remaining task sequences as an

example:

S1 :(v0, vt1, t1, v0, vt2, t2, vt3, t3, v0),

S2 :(v0, vt1, t1, t2, t3, t4, t5, v0, vt2, t6, t7, t8, t9, t10, t11, v0).

S1 has three outside vehicles with one remaining task for each vehicle, and S2 has two outside

vehicles with 5 and 6 remaining tasks, respectively. The task sequences in both remaining

task sequences are the same as those of the previous instance’s best schedule. After greedy

insertion of a set of new tasks, the final task sequence served by outside vehicles in S2 will be

more similar to the schedule in the previous instance’s best solution. As a result, the second

scenario is more likely to obtain a high-quality transferred solution.

We have calculated the average remaining tasks for outside vehicles on all DCARP in-

stances in our experiment in Figure 3.4. We can conclude that as the average remaining

tasks for each outside vehicle increases, the sequence transfer strategy benefits more from

the optimization experience in the previous instance and outperforms the restart strategy

with a higher probability.
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Figure 3.4: The number of instances for the restart strategy (RS) wins over (≻), draws
against (≈) and loses to (≺) the sequence transfer strategy (STS) for different ranges of
average remaining tasks.

We also compared the rankings of each algorithm over 25 independent runs on each

DCARP instance, which is presented in each cell’s bracket in Table 3.3. The overall av-

erage rankings of each algorithm instance over 120 DCARP instances are summarized in the

row of ‘Avr. Ranking’ in Table 3.3. The Friedman test with a significance level of 0.05 was

carried out to compare the ranking of eight algorithms across problem instances, leading to a

p-value of 8.69e-159. This indicates that at least one pair of algorithms are not equivalent to

each other. We then perform Nemenyi post-hoc tests to identify which algorithms perform

significantly different. The critical difference diagram is presented in Figure 3.5 where the

value of critical difference is 0.96 [23]. We can conclude from these results that the restart

and sequence transfer strategies obtained almost the same performance for population-based

algorithms (MAENS and ILMA) while the sequence transfer strategy slightly outperformed

the restart strategy in the individual-based algorithm (RTS) in our experiments.
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1 2 3 4 5 6 7 8

CD

VT-MAENS 
VTtr-MAENS 

VT-ILMA 
VTtr-ILMA

VT-MASDC 
VTtr-MASDC 
VT-RTS 
VTtr-RTS

Figure 3.5: Critical difference diagram for the comparison of 8 algorithms against each other
on egl with Friedman test and Nemenyi test. Groups of algorithms which are

not significantly different at the level of 0.05 are connected.

Furthermore, MAENS obtains the best overall result, and RTS is the worst among the

three meta-heuristic algorithms which are originally designed for static CARP. However, all of

them significantly outperform the state-of-the-art dynamic algorithm, i.e. VT-MASDC and

VTtr-MASDC. Recall that VT-MASDC was shown to outperform MASDC in Section 3.3.3.

Therefore, we can conclude that not only the proposed framework generalizes the existing

algorithms for static CARPs to solve DCARPs but also that the constructed algorithm

maintains its superior performance when optimizing a DCARP instance.

3.4 Summary

In this chapter, we proposed a generalized optimization framework for DCARP which can

generalize algorithms for static CARPs to optimize DCARPs. In our framework, we proposed

a virtual-task strategy that constructs a virtual task between the stop location and the depot,

to make all outside vehicles virtually return to the depot, which tremendously simplified the

optimization for DCARP. As a result, the DCARP instance was converted into a virtual

‘static’ instance so that algorithms for static CARP can solve it.
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Two initialization strategies were adopted in our generalized optimization framework: the

restart and sequence transfer strategies. The restart strategy completely restarts the opti-

mization algorithm at random when there is a new DCARP instance. The sequence transfer

strategy maintains the sequence of remaining tasks to the new DCARP instance and greed-

ily inserts the new tasks into the remaining sequence, to transfer the information of task

sequence from the previous optimization experience.

In our computational study, the necessity of directly optimizing DCARP together with

outside vehicles was first demonstrated by comparing the virtual-task strategy with a return-

first strategy. The results indicated that it would be more efficient to optimize the DCARP

instance by using the virtual-task strategy when the outside vehicles’ remaining capacities

were sufficiently large to serve more tasks. Then, the efficiency of the virtual-task strategy

was demonstrated by embedding it into an existing algorithm and comparing it to the original

version of the existing algorithm. Finally, our generalized optimization framework’s efficiency

was analyzed by integrating a set of optimization algorithms that were designed for static

CARPs, and the constructed algorithms performed significantly better than state-of-the-art

algorithms for DCARP.

Therefore, the work in this chapter provides a general optimization framework for solving

DCARP instances by adapting existing meta-heuristic algorithms in the context of static

CARP and answers the RQ1: “How can we benefit from the powerful algorithms existing

for CARP in order to better solve DCARP?”. However, our limited understanding of the

characteristics of DCARP instances which hinders us to further improve the optimization

algorithm. Therefore, in the next chapter, our focus is to investigate the fitness landscape

of DCARP instances and answer the RQ2: “What makes the DCARP instance hard to solve

for optimization algorithms?”.
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Chapter Four

Fitness Landscape Analysis for DCARP

This chapter is based on following publications: Tong, Hao, Leandro L. Minku, Stefan Menzel, Bernhard
Sendhoff, and Xin Yao. “A hybrid local search framework for the dynamic capacitated arc routing prob-
lem.” In Proceedings of the Genetic and Evolutionary Computation Conference Companion, pp. 139-140.
2021.https://doi.org/10.1145/3449726.3459450 and Tong, Hao, Leandro L. Minku, Stefan Menzel, Bernhard
Sendhoff, and Xin Yao. “What makes the dynamic capacitated arc routing problem hard to solve: insights
from fitness landscape analysis.” In Proceedings of the Genetic and Evolutionary Computation Conference,
pp. 305-313. 2022. https://doi.org/10.1145/3512290.3528756.
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4.1 Introduction

Even though there are powerful algorithms for solving general DCARP instances, existing

literature still lacks information about which dynamic factors are likely to cause DCARP

instances to be harder to solve. This seriously hinders the ability to improve the performance

of DCARP algorithms. Therefore, in this chapter, we focus on investigating the effect of

different dynamic factors on the characteristics of DCARP instances by fitness landscape

analysis. Our main goal is to analyze the basic fitness landscape of a DCARP instance and

compare the landscape’s features between different DCARP instances produced by various

dynamic factors.

Therefore, we are going to answer the RQ2: “What makes the DCARP instance hard to

solve for optimization algorithms?”. We provide the following novel contributions:

• The first systematic fitness landscape analysis for DCARP is performed in this chapter,

including several local and global optima related features. The analysis is based on the

hybrid local search algorithm (HyLS) [118]. Multiple landscape properties are compared

between instances generated with different dynamic events to investigate what factors

make DCARP instances easier or harder to solve.

• We show that new tasks are the main factor influencing the difficulty of the instances,

and instances requiring additional vehicles for the remaining tasks are harder to solve

than instances with other features. These insights on the fitness landscape can potentially

contribute towards improving the performance of algorithms in the future.

The remainder of this chapter is organized as follows. Section 4.2 introduces the back-

ground on fitness landscape analysis. Section 4.3 provides details on the local search algo-

rithm used in our analysis, here, HyLS. Section 4.4 presents the empirical results and the
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analysis of fitness landscape from several different perspectives. Section 4.5 concludes this

chapter and points out future work.

4.2 Fitness Landscape Analysis Approaches

Fitness landscape analysis is a popular approach for a better understanding of the char-

acteristics of problem instances and an improved selection of suitable algorithms for the

specific problem [67]. A fitness landscape is defined by three elements, including a solution

set X, a neighborhood structure V , and a fitness function f . A fitness landscape (X, V, f)

is determined by the fitness of the solutions and their corresponding neighbors [50].

Fitness landscape analysis targets to investigate features of optimization problems, such as

the fitness distribution in the search space and the structure of optima [67]. In the literature,

there are two kinds of empirical techniques proposed for the characterization of these features,

namely the random sampling based technique [67, 68] and the local optimal network (LON)

based technique [92]. The random sampling based technique performs a search on random

solutions to obtain a set of representative solutions, such as potential local optima, in the

search space. Then, analysis metrics are computed based on the representative solutions

to characterize the target problem. The LON technique usually enumerates all solutions in

small problems and formulates the fitness landscape as a network [91]. Each node represents a

local optimum in the landscape, and each edge represents the basin-transition [123] or escape

edges [122] between two local optima. Then, the properties of LON can directly reflect some

characteristics of the problem, such as the number of vertices and density of edges in LON.

Moreover, network analysis and visualization tools can also be used to analyze the fitness

landscape [92], helping people to better understand the connectivity between local optima.

For example, community detection can be used to detect the clustering of local optima [92].
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The above two kinds of fitness landscape analysis techniques have been successfully applied

to some combinatorial problems. Tayarani-N et al. [115, 116] carried out fitness landscape

analysis on four combinatorial optimization problems, based on randomly sampled solutions

from the search space and analyzed their local optima-related features and global optima-

related features. For example, the correlation length technique operates a random walk

in the search space and calculates a correlation coefficient based on the sampled solutions

to measure the ruggedness of the fitness landscape [128]. The LON technique was also

widely used for analyzing the characteristics of combinatorial problems, such as the flow-

shop problem [22], quadratic assignment problem [117] and traveling thief problem [135].

Some studies also proposed sampled LON algorithms, such as Markov-Chain sampling and

snowball sampling [117], enabling LON to be adopted for larger problems.

In this thesis, we focused on sampling-based techniques to analyze DCARP instances, as

they are simple yet effective techniques to conduct fitness landscape analysis [115].

4.3 Hybrid Local Search Algorithm

The fitness landscape is defined specifically for a neighborhood structure such that one

problem instance can have different fitness landscapes for different neighborhood structures.

In this thesis, we focused on a hybrid local search algorithm (HyLS) proposed in [118] for

landscape analysis. Therefore, the local optima related landscape features analyzed in this

thesis are highly related to HyLS, which goes beyond a general analysis based on simple

neighborhood moves.

Our proposed HyLS framework (Algorithm 4) can find an improved solution for DCARP

with a fast response time by removing the crossover operators existing in meta-heuristic

algorithms and promoting the neighborhood of the current solutions. It adopts three effec-
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tive strategies including parallel neighborhood moves, an archive and exhaustive one-step

moves. The parallel neighborhood moves strategy allows for an efficient use of multiple par-

allel processes where each slave process computes one neighborhood move on one solution

independently. Five neighborhood moves (Single Insertion, Double Insertion, Swap, Reverse

and Cross [52]) are adopted. The master process collects the improved solutions potentially

leading to the optimal solution and maintains an archive to store them (archive strategy).

For each solution in the archive, the exhaustive one-step move strategy is utilized, which

optimizes a solution until no further neighborhood move improves the solution quality, to

find the best neighbor for the solution, thus focusing on the local area. The framework

terminates once the optimization exceeds the time limitation or all solutions in the archive

have been optimized.

Algorithm 4: The hybrid local search framework
Input: The updated graph data; Stop locations of outside vehicles; Remaining

capacities of outside vehicles;

1 Re-construct the solution S0 with explicit routes;
2 Initialize the solution archive (set) SA = {S0};
3 Set global best solution Sgb ← S0;
4 for each solution Si in SA do
5 Local best solution Slb ← Si;
6 while true do
7 // Parallel for loop
8 for each neighborhood move Movej do
9 Solution Smj = OneStepMovej(Slb);

10 if improve and archive is not full then
11 SA← SA ∪ Smj;

12 Update local best solution Slb based on Smj;
13 if not improve or exceed time limitation then
14 break;

15 if Slb.cost < Sgb.cost then
16 Sgb ← Slb;

17 if exceed time limitation then
18 break;

Output: The global best solution Sgb
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Therefore, we used it to find the local optimum for each sample in the landscape, and

neighborhood moves in the HyLS represent neighborhood functions. The size of solution

archive (SA) in our work is set to 400, which is determined by our preliminary investigations

on tested instances.

4.4 Fitness Landscape Analysis on DCARP instances

4.4.1 Instance Generation

The deployed CARP solution is likely to be affected by a series of dynamic events, and these

dynamic events will generate DCARP instances with different characteristics. To compare

the influence of different dynamic events, all DCARP instances are generated from the same

initial static CARP instance and the same corresponding initial solution obtained by using

a powerful meta-heuristic algorithm [113]. The egl-E2-A instance was selected as the basic

static instance because it is the easiest instance among all static instances in the egl dataset,

which has more tasks than other datasets [113]. An easier initial instance is likely to make

the effect of different settings of dynamic events more obvious.

Four dynamic events which potentially affect the current CARP solution’s quality are con-

sidered in this work including cost increase(CI), cost decrease(CD), new demand(ND)

and new tasks(NT). The influence of these dynamic events on the CARP solution is as

follows:

• Cost increase: The cost of arcs belonging to the solution’s path increases deteriorating

the current solution.

• Cost decrease: The current solution’s quality can potentially be improved when the
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cost of arcs which are not in the solution’s path decreases.

• New demand : New demand in the current tasks potentially makes the current solution

infeasible due to limited vehicles’ capacities.

• New tasks : When there are new tasks, the current plan needs to be rescheduled to

accommodate the new tasks.

Each dynamic event corresponds to one or multiple factors. We investigated two levels

for each factor in this paper, which are presented in Table 4.1. When a dynamic event

happens, a few outside vehicles are located at various positions with different remaining

capacities. Thus, each DCARP instance will have two state factors, namely number of

outside vehicles and value of remaining capacities for each outside vehicle , which

are also investigated in our work. Their levels are presented at the bottom of Table 4.1.

For cost increase/decrease events, the two levels denote that we increase/decrease the costs

of 20% (few) and 80% (many) of arcs in/not in the solution’s path change. The arcs to suffer

the change are selected uniformly at random and their cost is doubled/halved. In the new

demand event, we selected uniformly at random 20% (few) and 80% (many) tasks among

all remaining tasks to be changed. For the new task event, we also selected uniformly at

random 20% (few) and 80% (many) of all available arcs which are not the remaining tasks

as the new tasks. The value of new demand and the demand of new tasks are determined by

the number of new vehicles required. If the value of new demand is set as small/large, we set

that the total demands added to this instance one/four times of the vehicle’s full capacity,

with the new demand added to each task being split equally among all tasks. For new task

events, the positions of new tasks are also considered including far from and close to the

depot. In the following subsections, we will use ‘0’ and ‘1’ to represent the first and second

level for each factor.
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Table 4.1: Dynamic factors and state factors investigated in this work

Dynamic Events Factors Acronyms Levels #Settings

Cost Increase Number of arcs CI-N [few, many] 2

Cost Decrease Number of arcs CD-N [few, many] 2

New Demand Number of changed tasks ND-N [few, many] 4Value of new demand ND-V [small, large]

New Tasks
Postion of new tasks NT-P [close, far]

8Number of new tasks NT-N [few, many]
Demand of new tasks NT-D [small, large]

State Factors Acronyms Levels #Settings

Number of outside vehicles OV [few, many] 4Value of remaining capacities RQ [small, large]

For simplicity, each dynamic event was investigated independently in our experiment.

Each DCARP instance was generated based on one dynamic event. Given a dynamic event,

a DCARP instance configuration was created for each possible combination of levels for that

dynamic event and levels for the state factors. Due to the page limitation, we put the pseudo-

code of the instance generator in the supplementary file. The column “#Settings” in Table

4.1 presents the number of settings. Therefore, we generated DCARP instances with 64 (i.e.,

(2 + 2 + 4 + 8) ∗ 4) different configurations of dynamic events and state factors. Moreover,

10 different DCARP instances were generated for each configuration in our experiment. The

generated instances and the source code of the presented work is available at Github1.

4.4.2 Auto-Correlation

The auto-correlation measures the local ruggedness of the fitness landscape based on random-

walk sampling [128]. It calculates the expected correlation between the first T − τ and

1https://github.com/HawkTom/DCARP-FLA/
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(a) Average correlation length over 10 DCARP
instances for each of 64 settings.

(b) Correlation between correlation length and
the number of tasks.

Figure 4.1: Landscape analysis results in terms of correlation length.

last T − τ subsequences of a fitness sequence {c1, c2, ..., cT} corresponding to the solutions

obtained by the random walk. The auto-correlation is estimated according to:

R(τ) =

∑T−τ
t=1 (ct − c̄)(ct+τ − c̄)∑T

t=1(ct − c̄)

where c̄ is the mean fitness of the whole sequence. The correlation length l is a single value

reflecting the ruggedness of the fitness landscape measuring the auto-correlation when τ = 1

[111] and is calculated by:

l = − 1

lnR(1)

Due to space limits, here, we present the average correlation length over 10 DCARP instances

for each setting (Figure 4.1a), where a smaller value indicates a much more rugged landscape.

We performed 10e9 steps of random walk on each instance in our experiment.

From Figure 4.1a, for state factors, instances with more outside vehicles and fewer remain-

ing capacities (OV1-RQ0) have the smallest correlation length, while the other three have

similar correlation lengths to each other. For dynamic events, instances with new tasks have

a larger correlation length, especially for settings with more new tasks (NT:P*-N1-V*), while

the other three events have similar correlation lengths to each other. The main reason is the
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number of tasks in each instance. States with more outside vehicles and fewer remaining ca-

pacities indicate that many tasks have been served and only a few tasks remain to be served.

In contrast, new task events obviously will cause the instance to have a large number of

tasks. For instances with more tasks, the total cost is a relatively large value so that the cost

change of one-step random walk has less effect on the cost of solutions. Thus, instances with

more tasks will have a large correlation length. To further confirm the relationship between

correlation length and number of tasks, we plot the correlation length and the number of

tasks of all instances in Figure 4.1b and applied linear regression. It clearly demonstrates

that they are approximately linearly correlated. Therefore, the conclusion motivates us that

the algorithm designed for DCARP should focus much more on the number of tasks in the

DCARP instances.

It is worth noting that even though the landscape becomes smoother for instances with

more tasks, there is no indication that these instances are much easier because the ruggedness

measured here just reflects the relative fitness of neighbors. Therefore, an instance with

smoother landscape at solution level may also be hard to solve. For example, although

an instance has a smooth landscape, it may have some attractive local optimum in the

search space causing the instance to become difficult. Therefore, more analysis for DCARP

instances are presented in the following subsections.

4.4.3 Local Optima

In this subsection, we randomly sampled 100,000 solutions for each DCARP instance and

performed the HyLS on each sampled solution to reach a local optimum. The cost and the

solution of all local optima were recorded. The analysis for these local optima is presented

in the following.
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4.4.3.1 Number of Local Optima:

Larger numbers of local optima can make the combinatorial optimization problem difficult

because the optimization algorithm may be easily trapped in local optima [115]. In a land-

scape, if two solutions can converge to the same local optimum, they must be in the same

local optimum’s basin. Therefore, the number of local optima is related to the basin size of

the local optima. Thus, we calculate the average number of local optima for each setting

(Figure 4.2).

Figure 4.2: Number of local optima over 10 DCARP instances for each of 64 settings.

From Figure 4.2, instances with new tasks (NT) have more local optima than the other

three dynamic events. In addition, the influence of the state factors is highlighted when the

number of tasks becomes smaller as shown in instances without new tasks (CI, CD, ND)

in Figure 4.2 (NT < 70 in our results). Instances with many outside vehicles and lower

remaining capacities (OV1-RQ0) have the fewest local optima, indicating that the basin size

of these instances might become large. In Figure 4.2, instances that only add demand to

many existing tasks when there are many outside vehicles and lower remaining capacities

(ND:N1-V*, OV1-RQ0) have a significantly smaller number of local optima. Therefore, from

the perspective of the number of local optima, the new tasks are also the main factor which
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make instances much harder to solve. If there is no new task, the adding demand event can

make an instance even easier to solve.

4.4.3.2 Time to Reach the Local Optimum:

The time for a solution to reach the local optimum reflects the depth of basin of attraction2

of the corresponding local optimum. If the solution takes a long time to reach the local

optimum, it indicates that this local optimum has a deep basin of attraction. A deep basin

of attraction usually makes the optimization problem more difficult because the algorithm

will take more time to reach the local optimum. Therefore, we recorded the average time

to reach the local optimum by HyLS for all 100,000 solutions. The mean results over 10

DCARP instances for each setting are presented in Figure 4.3.

Figure 4.3: Average time over all 100000 solutions to reach the corresponding local optima
(unit: s). The presented result for each configuration is the mean result over 10 DCARP
instances.

Instances with a much deeper basin of attraction require algorithms to spend more compu-

2The basin of a local optimum corresponds to the set of solutions from which the local optimum can be
attained using basic moves/local search techniques.
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tational resources for exploitation. For these instances, the number of local optima searched

within limited computational resources will be very small, as the algorithm is likely to take a

longer time to exploit one local optimum. Therefore, such problem instances are more likely

hard to solve. From Figure 4.3, the new task event is still the main event that influences

the difficulty of the problem. Specifically, instances with more new tasks take a longer time

to reach the local optima. The positions and demand value of new tasks have no significant

influence on the results.

4.4.3.3 Cost Distribution:

The probability of visiting a local optimum is an important metric to analyze the difficulty

of a problem instance. For an easy problem instance, the cost distribution will be more

biased to a high fitness so that the probability of finding a high-quality local optimum will

be much higher. The fitness distribution is capable of well reflecting such characteristics.

Therefore, we analyzed the cost distribution based on all recorded local optima. For a much

fairer comparison, we normalized the cost of each DCARP instance by its expected cost,

which is estimated by sampling a large number of random solutions from the search space.

Two statistical measures are applied to compare the cost distribution between DCARP

instances with different configurations, including the mean cost and skewness. The mean cost

reflects the expected quality of a local optimum obtained by HyLS, and the skewness reflects

the shape of the distribution compared with a normal distribution. A positive skewness value

indicates that the bulk of costs lies to the left of the mean cost. Therefore, a lower mean cost

and a higher skewness indicates that the probability of finding a high-quality local optimum

is higher. The average values of these two statistics over 10 DCARP instances for each of

the 64 settings are presented in Figure 4.4a and Figure 4.4b.

From Figure 4.4a, the values in the left two columns are larger than the ones in the
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(a) Averaged mean value of all reached local op-
tima for each DCARP setting over 10 DCARP
instances

(b) Averaged skewness value of all reached local
optima for each DCARP setting over 10 DCARP
instances.

Figure 4.4: Landscape analysis results in terms of cost distribution.

right two columns. We conclude that instances with more outside vehicles (OV1) are much

easier to solve. For the same dynamic event, instances with many outside vehicles and small

remaining capacities (OV1-RQ0) are the easiest because the number of tasks is the smallest.

Moreover, for the same state factor, adding new tasks makes instances harder than the other

three events. The events of cost increase and decrease are similar to each other indicating that

instances with only these two events will not become very difficult. The skewness presented

in Figure 4.4b is able to reflect the probability of finding a local optimum in an instance. A

much larger value indicates that it has a high probability for finding a high-quality solution.

From Figure 4.4b, almost all instances have a positive skewness value, indicating that the

quality of most reached local optima is much better than a random solution. This is also

helpful for the effectiveness of HyLS. Specifically, the distribution of instances only with

cost change events is more biased to the area with high-quality solutions meaning that an

algorithm may find a good solution with fewer computing resources.

In summary, according to the mean cost and the skewness of cost distribution, we can

conclude that cost change events will not make DCARP instances harder to solve compared

with new demand and new tasks events. A higher number of outside vehicles will also result
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in a higher mean quality of local optima to the DCARP instances.

4.4.3.4 Distance Between Local Optima:

The distance between local optima is also an important property of the fitness landscape.

If a local optimum with a low cost is far from other local optima, it will be hard for the

algorithm to explore from a local optimum to a much better local optimum which makes the

problem hard to optimize. Therefore, we analyzed the following two distance properties:

1. The distance between local optima versus expected distance between two random so-

lutions.

2. The correlation between the cost of local optima and their distance.

Unlike for continuous optimization problems, the Euclidean distance is not suitable for the

CARP space. We applied Hamming distance to measure the distance between two CARP

solutions. Suppose VR is a set of vertices including the depot and all vertices incident with

at least one task, a complete graph GR = (VR, AR) can be constructed, where AR is the

set of arcs between each pair of vertices in VR. If one vertex vi incidents with d(vi) tasks

(d(vi) > 0), we will duplicate d(vi) copies of this vertex in VR and assign a unique id to each

copy. The cost of an arc in AR depends on the original (D)CARP instance. Therefore, all

traversed paths in a CARP solution are arcs in GR, and no arc in GR will be used twice in

a CARP solution. Consequently, a CARP solution can be represented by a binary vector

in the space of arcs in GR, where each bit denotes one arc in GR and “1” denotes that the

corresponding arc is used in the CARP solution. Thus, solutions will be converted to the

binary representation first before calculating the Hamming distance.

The ratios of the expected distance between two local optima to that of two random

solutions for all 64 settings are presented in Figure 4.5a, where each result is the averaged
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(a) Ratio of the expected distance between two
local optima to that of two random solutions.
The presented result for each configuration is the
averaged value over 10 DCARP instances.

(b) Correlation between the cost of local optima
and their distance. The presented results for
each configuration are the averaged values over
10 DCARP instances.

Figure 4.5: Landscape analysis results in terms of distance between local optima.

value over 10 DCARP instances. A negative value indicates that the distance between two

local optima is smaller than two random solutions. In Figure 4.5a, almost all ratios are very

close to 0, reflecting that local optima in all DCARP instances are uniformly distributed

instead of gathering in a specific area or far from each other. We conclude that all dynamic

factors will not impact the distribution of the local optima, not further influencing the

difficulty of each instance.

The correlation between the cost of local optima and their distance for all 64 settings

are presented in Figure 4.5b, where each result is also the averaged value over 10 DCARP

instances. From Figure 4.5b, almost all correlations between the cost of local optima and

their distance are close to 1. This indicates that better local optima are much closer to

each other than the less fit local optima, which is beneficial to the optimization. Moreover,

instances with more outside vehicles (OV1) have larger correlation values according to Figure

4.5b whereas the correlations for different dynamic factors under the same state factor are

similar to each other. Therefore, instances with more outside vehicles might be slightly

easier for optimization. Instances with adding demands to many tasks (ND:N1-V*) have

the smallest correlation. This indicates that the distribution of local optima is not clustered
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based on their cost. Thus, the algorithm might require a bigger step for the exploration.

4.4.4 Approximate Global Optimum

In this subsection, we focus on the properties of the global optimum of the problem instance.

As we cannot enumerate all samples in the search space in our DCARP instances, the

real global optimum is unknown. Therefore, we applied a powerful meta-heuristic, i.e.,

Memetic Algorithm with Extended Neighborhood Search (MAENS) [113, 119], to optimize

all DCARP instances with sufficient computational resources, i.e., with the same maximum

iteration number as used in the static optimization [113]. The obtained best solution is then

considered as the approximate global optimum because the real global optimum is unknown.

4.4.4.1 Fitness Distance Correlation:

Fitness Distance Correlation (FDC) is also a useful measurement to characterize the problem

difficulty, measuring the correlation of a solution’s fitness and its distance to a global optimum

[50, 51]. In minimization problems, a positive correlation indicates that the closer a solution

distance is to the global optimum, the higher quality (i.e., lower cost) the solution has. The

algorithm can benefit from such a fitness landscape and be more easily guided to the global

optimum. In contrast, an instance with a negative correlation will potentially guide the

algorithm towards the opposite direction of the global optimum. For DCARP instances,

suppose F = {c1, c2, ..., cn} and D = {d1, d2, ..., dn} are the fitnesses of n solutions and

the distances to the global optimum of these solutions. FDC is calculated by the following

equation [50]:

FDC =
1
n

∑n
i=1(ci − c̄)(di − d̄)

σFσD
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where σF , σD, c̄, d̄ represent the standard deviations and means of F and D. The distance

between two solutions are also measured by the Hamming distance as introduced in Section

4.4.3.4. The mean FDCs over 10 DCARP of each configuration is presented in Figure 4.6.

For each instance, all found local optima were used to calculate the FDC in our analysis.

Figure 4.6: Fitness distance correlation of global optimum for all 64 settings. The presented
result for each configuration is the mean result over 10 DCARP instances.

A high value in Figure 4.6 indicates that local optima that are closer to the global optima

have higher qualities, meaning that the instance is potentially easier to solve. In Figure 4.6,

instances with new tasks (NT) have a relatively small FDC value compared with the other

three events. For state factors, FDC values of instances with fewer outside vehicles (OV0)

are also smaller than those with many outside vehicles (OV1). We also observe that instances

with adding demand to many tasks (ND:N1-V*) also have small FDC values. These instances

all require more vehicles to serve the remaining tasks. Therefore, a potential conclusion is

that when remaining tasks require more new vehicles, the instance will have a smaller FDC

value, and the problem instance might become harder to solve.
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4.4.4.2 Return Probability:

The final characteristic we investigate is the return probability of the global optimum. The

return probability empirically measures the basin of attraction of the global optimum by

calculating the probability of returning to the global optimum starting from a solution with

a fixed distance to it [115]. If the global optimum has a high return probability even though

the starting solution is far from the global optimum, it may be easier for the algorithm to

find the global optimum.

In our experiment, the return probability is measured by starting from solutions which are

obtained by applying a given number of Single Insertion (SI) operations. It is the most basic

move for the CARP solution that move one task from one route to another position of this

or another route in the solution. The return probability is estimated by starting from 1000

solutions generated by applying the same number of steps of SI from the global optimum.

From our results, the return probability in all DCARP instances drops to 0 after about 6

steps of SI. For simplicity, we only present the return probability of the global optimum after

one random step of SI averaged over 10 instances in Figure 4.7.

From Figure 4.7, the return probability for one-step neighborhood move was very small

for all DCARP instances, which indicates that the global optimum’s basin size is very small

for the DCARP problem. Therefore, the DCARP instances are hard to solve, and a good

algorithm should have a good exploration ability to find a high-quality solution. In addition,

the bottom right part of Figure 4.7 has a relatively smaller return probability compared with

other parts. In this area, instances have more remaining demands to be served and many

outside vehicles. Therefore, the dynamic events causing more demands and the state with

more outside vehicles are likely more challenging to solve.
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Figure 4.7: Return probability of global optimum with one random step of Single Insertion.

4.5 Summary

In this chapter, we focused on investigating which factor(s) potentially make the DCARP

instances hard to solve. We considered four common dynamic events: cost increase, cost

decrease, new demand, and new tasks as well as two inherent state factors of the DCARP

instance, i.e., the number of outside vehicles and the remaining capacities. Fitness landscape

analysis techniques based on a local search algorithm, i.e., HyLS, were performed on a set

of generated DCARP instances according to different configurations of dynamic and state

factors. We investigated the correlation length, the number of local optima, the time to

reach a local optimum, the mean cost of the local optima, the distance properties of local

optima, the fitness distance correlation, and the return probability on all generated DCARP

instances.

Based on our empirical results from the fitness landscape analysis, a list of valuable con-

clusions are obtained as follows:
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• DCARP instances with many remaining tasks and new tasks caused by the new task event

had a smoother fitness landscape at solution level.

• The task’s number was also the main factor affecting the number of local optima and the

averaged time to reach the local optima. Instances with more tasks caused more local

optima and consequently a longer time to reach the local optima.

• The local optimum’s mean cost of DCARP instances was mainly affected by the number

of outside vehicles and the number of tasks. Instances with more outside vehicles and

fewer tasks had a relatively lower mean cost.

• The local optima in all DCARP instances were almost uniformly distributed. Their dis-

tances were similar to that of two random solutions.

• Local optima with higher quality were closer to each other than to less fit local optima for

all DCARP instances.

• In terms of the global optimum, instances which require more vehicles for the remaining

tasks had a smaller fitness distance correlation as well as a smaller return probability.

In summary, the new task event had much more influence on the difficulty of the DCARP

instances than the other three dynamic events. The number of remaining tasks was the

main factor making DCARP instances hard to solve, with a larger number being harder.

There was no evidence that the cost increase and cost decrease significantly impacted the

characteristics of the DCARP instances. In addition, our fitness distance correlation analysis

found that instances requiring more new vehicles are likely more difficult.

Therefore, our insights from the fitness landscape analysis address the RQ2: “What makes

the DCARP instance hard to solve for optimization algorithms?”. Based on our understand-

ings of the fitness landscape analysis for DCARP instances, a potential direction about

designing more effective algorithms for optimizing DCARP is to pay more attention to the
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new tasks. For example, for a new DCARP instance, we can focus on designing strategies

to allocate new tasks. Therefore, in the next chapter, we consider DCARP scenarios with

different settings based on whether they include new tasks or not and design effective algo-

rithms in conjunction with optimization experience, separately. It answers the RQ3: “How to

extract optimization experience from a DCARP instance and integrate into a meta-heuristic

framework for enhanced performance in different DCARP scenarios?”.
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Chapter Five

Benefiting from Experience through

Building Blocks

This chapter is based on following publication: Tong, Hao, Leandro L. Minku, Stefan Menzel, Bernhard
Sendhoff, and Xin Yao. “Building blocks as experiences in dynamic capacitated arc routing problems.” In
submission to CAAI Transactions on Intelligence Technology.
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5.1 Introduction

A DCARP scenario is composed of a series of discrete DCARP instances. A new DCARP

instance is generated based on the preceding DCARP instance and a partially executed so-

lution. As a result, a new DCARP instance in a DCARP scenario shares similarities with

its preceding DCARP instance. Intuitively, the optimization experience and solution in-

formation of the former DCARP instance could be extracted to promote the optimization

for the new DCARP instance in a DCARP scenario. However, current existing works do

not consider and utilize such optimization experience [43, 60, 87, 88, 118], wasting valuable

knowledge that could be used to enhance the optimization process for DCARP instances.

When new DCARP instances generate once dynamic events happen, the solutions from the

previous optimization process become feasible for the new DCARP instance. Consequently,

these existing works always optimize the new DCARP instance from scratch to obtain new

feasible solutions to improve the current service schedule. Therefore, to extract useful op-

timization experience from the former DCARP instances and enhance the optimization for

new DCARP instances, in this chapter, we propose a solution building block adaptation

strategy and incorporate it into a dynamic optimization framework able to transfer valuable

optimization experience for the DCARP scenario.

Therefore, we are going to answer the RQ3: “How to extract optimization experience from

a DCARP instance and integrate into a meta-heuristic framework for enhanced performance

in different DCARP scenarios?”. Our contributions are as follows:

• We propose a new DCARP optimization framework that benefits from experience

through knowledge transfer in the DCARP scenario to promote optimization of DCARP

instances.

• We propose the new concept of building block for extracting optimization experience
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contained in historical solutions. A building-block-based constructive heuristic is pro-

posed to handle DCARP scenarios with cost-changing and task-changing dynamic

events. Additionally, our solution building block adaptation strategy includes an in-

sertion heuristic to deal with new tasks.

• We evaluate the proposed Solution Building Block Adaptation (SBBA) strategy pro-

gressively considering dynamic events from only cost-changing dynamic events (OC) to

both cost-changing and task-changing dynamic events (CT). In particular, we consider

two different types of DCARP scenarios, i.e., DCARP-OC and DCARP-CT scenarios.

Our analysis shows that the adapted historical solutions are significantly better than

the solutions generated by conventional constructive heuristics when dynamic events

are small and the high-quality solutions for the new environment are similar to those

of the previous environment.

• We embed two state-of-the-art DCARP optimization algorithms into the proposed

SBBA based dynamic optimization framework (DO-SBBA), and evaluate them on the

generated DCARP scenarios. The empirical results demonstrate that our DO-SBBA

framework significantly improves the performance of the original algorithms on these

DCARP-OC and DCARP-CT scenarios, and is particularly beneficial on the DCARP-

OC scenarios.

• The robustness of the proposed DO-SBBA framework was also investigated on DCARP

instances with varying severity of dynamic changes. The empirical results show that our

DO-SBBA framework was particularly effective in DCARP-OC scenarios with various

severity of dynamic changes and DCARP-CT scenarios without a large change in the

number of tasks.

The remainder of this chapter is organized as follows. Section 5.2 introduces the proposed

DO-SBBA framework and the details of SBBA strategy. Section 5.3 presents experimental
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studies of evaluating the performance of DO-SBBA. Summaries are provided in Section 5.4.

5.2 Solution Building Block Strategy based Dynamic Op-

timization Framework

Solution 
Archive

DCARP Scenario

SBBA

SAVE

Dynamic Strategy

Environment
Deployment

Dynamic events
detection0End Stop? No DCARP Instance

Meta-heuristic
Algorithm

Best Solution

Initial CARP
InstanceControl Center

Yes

Figure 5.1: The structure of the SBBA-based dynamic optimization framework for the
DCARP scenario. The left part is an illustration of the DCARP scenario, where dynamic
optimization process starts with an initial static CARP instance and the control center will
detect changes in the environment and determine to generate DCARP instances or not. The
dynamic strategy at the right is used to assist the optimization for DCARP instances.

A dynamic optimization framework based on a novel solution building block adaptive

(SBBA) strategy is proposed in this section. Its structure is presented in Figure 5.1.

The dynamic optimization process starts with an initial static CARP instance. A meta-

heuristic optimization algorithm can be employed to obtain the best solution for the static

CARP instance, which will be used to schedule vehicles to serve the pre-defined tasks. Subse-

quently, a control center will detect changes in the environment [85]. Whenever any dynamic

events occur while vehicles are in service, the control center will report the type of dynamic

events and generate a new DCARP instance according to the occurred dynamic events. The

meta-heuristic algorithm will then dynamically optimize the newly generated DCARP in-

stance. After the dynamic optimization process for the new DCARP instance, an updated
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solution will be obtained and deployed to the environment to update the service plan of all

vehicles. The dynamic optimization will stop only when all tasks have been served.

In our framework, the SBBA strategy adapts the historical solutions and uses them as

initial solutions for the meta-heuristic algorithm. Since different types of dynamic events

can result in DCARP instances with varying degrees of difficulty to solve as concluded in

Chapter 4, we consider two different types of DCARP instances in our work:

1. DCARP instances with only cost-changing events (DCARP-OC). Cost-changing dy-

namic events include the increase and decrease of road deadheading costs.

2. DCARP instances with both cost-changing and task-changing dynamic events (DCARP-

CT). Task-changing dynamic events include added and deleted tasks.

To handle these different types of DCARP instances, specific strategies in SBBA are applied

to adapt the historical solutions for promoting dynamic optimization. All these strategies

are based on the new concept of building block. Therefore, in the following subsections, we

will introduce the concept of the building block first and then provide details on the specific

strategies.

5.2.1 Building Blocks as Experiences

The new DCARP instance is generated based on the former DCARP instance and the de-

ployed solution. However, except for the best solution obtained in the optimization process

for the former DCARP instance, historical high-quality solutions cannot be used directly to

schedule the vehicles’ service plans in the new DCARP instance. Nevertheless, the infor-

mation contained in these solutions can be extracted and reused. For instance, it is highly

likely that two adjacent tasks in high-quality historical solutions will still be neighbors in the
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best solution of the new DCARP instance. Therefore, such sequence patterns contained in

historical solutions can be extracted to assist in constructing feasible high-quality solutions

for the new DCARP instance.

Algorithm 5: The pseudo-code of constructing building blocks.
Input: The historical solution: S; The task set ER

1 Function ConstructBuildingBlocks(S, ER)
2 Initialize an empty set for building blocks BLOCK = ∅.
3 Initialize a building block: bb, where bb.seq = [ ].
4 for each route rk ∈ S do
5 for i from 1 to lk do
6 if tk,i /∈ ER then
7 if bb.seq is not empty then
8 Set bb.head = headbb.seq[0].
9 Set bb.tail = tailbb.seq[−1].

10 Set bb.cost equals to the total serving costs of bb.seq.
11 Set bb.demand equals to the total demands of all tasks in bb.seq.
12 BLOCK = BLOCK ∪ bb.
13 Re-initialize bb that bb.seq = [ ].

14 continue;

15 else
16 bb.seq.append(tk,i).

17 return BLOCK;
Output: The set of building blocks: BLOCK

In this work, we propose the concept of the “building block" to describe such sequence

patterns. Since the CARP solution is a set of routes, and the route is composed of a sequence

of tasks, if a sub-sequence of tasks in the previous CARP solution is still required to be served

in the new DCARP instance, we combine this sub-sequence of tasks into a building block.

We assume that such a task sequence that exists in the high-quality solutions of the former

DCARP instance will still remain in the high-quality solutions of the new DCARP instance.

The pseudo-code for constructing building blocks from a historical solution is presented in

Algorithm 5. It receives as input a historical solution and the set of tasks to be served in the

new DCARP instance. Each building block has five properties, including the block’s task

104



5.2. Solution Building Block Strategy based Dynamic Optimization Framework

sequence, head node, tail node, total serving costs, and total demands. In each historical

solution, consecutive sequences of tasks still required to be served in the current DCARP

instance are detected and combined into building blocks. The head node and tail node of

this building block are the head and tail nodes of this task sequence. The cost and demand

of the building block are equal to the total costs of serving this task sequence and the total

demands of all tasks in this task sequence. If a task in a route has both its predecessor and

successor tasks served or deleted in the new DCARP instance, we also make this independent

task a building task. Finally, all detected building blocks form a set of building blocks for

the solution construction.

5.2.2 SBBA for DCARP-OC Instances

For DCARP-OC instances, the SBBA strategy generates a new population of solutions for

the new DCARP instances from an archive of historical solutions. The pseudo-code of SBBA

for DCARP-OC instances is presented in Algorithm 6.

Algorithm 6: SBBA for DCARP-OC instances
Input: The set of archived solutions: AS; The task set: ER.

1 Initialize an empty solution set POP = ∅.
2 for each solution Si ∈ AS do
3 BLOCK = ConstructBuildingBlocks(Si, ER).
4 Apply Path-Scanning algorithm to BLOCK and obtain a new solution NSi.
5 if NSi /∈ POP then
6 POP = POP ∪NSi .

Output: Adaptive solution set POP

The archived solutions AS are a set of high-quality solutions saved from the optimization

process for the former DCARP instance. Different definitions for “high-quality” could be

adopted. In our experiments later on, we consider the top lAS solutions as being high-

quality solutions, where lAS is a pre-defined parameter. For each historical solution Si,

we first obtain a set of building blocks using Function ConstructBuildingBlocks(S,ER)
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in Algorithm 5, where ER is the task set for the new DCARP instance. Then, we apply

the path-scanning constructive heuristic to the obtained building blocks to generate a new

solution NSi. If the current adaptive solution set does not contain NSi, then it is added to

the adaptive solution set as one of the adaptive solutions. Finally, the new adaptive solution

set generated from archived solutions which belong to the previous DCARP instance is

returned, and used to help the solution initialization for new DCARP instance.

5.2.3 SBBA for DCARP-CT Instances

Different from the DCARP-OC instances, DCARP-CT instances require considering chang-

ing tasks, especially newly added tasks and how to assign them to existing or new routes.

Therefore, a building block based constructive strategy and an insertion strategy are pro-

posed to handle changing tasks in SBBA. The pseudo-codes of SBBA for DCARP-CT in-

stances are presented in Algorithm 7.

First, the newly added tasks are filtered out from all tasks ER of the current DCARP

instance to form a new task set NER ⊂ ER. Then, the building block based constructive

and insertion strategies are used to adapt historical solutions to the new environment from

different perspectives.

The building block based constructive strategy is similar to SBBA for DCARP-OC in-

stances, which considers building blocks in historical solutions. However, SBBA for DCARP-

CT instances also considers each new task as an independent building block. Therefore, both

the sequence pattern in historical solutions and the new tasks are considered for generating

new solutions. Finally, the path-scanning algorithm is used to generate new solutions.

The insertion strategy considers the complete sequence pattern of the historical solution

and inserts the new task into the historical solution to obtain the new solution. For each
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Algorithm 7: SBBA for DCARP-CT instances
Input: The set of archived solutions: AS; The task set: ER; The capacity Q.

1 Filter the new task set NER ⊂ ER.
2 /* Building block based construction */
3 Initialize an empty set of building blocks BLOCK = ∅.
4 Initialize a building block: bb, where bb.seq = [ ].
5 for each task tk ∈ NER do
6 Set bb.seq.append(tk).
7 Set bb.head = headtk.
8 Set bb.tail = tailtk.
9 Set bb.cost = sc(tk).

10 Set bb.demand = dm(tk).
11 BLOCK = BLOCK ∪ bb.

12 Initialize an empty solution set POP = ∅.
13 for each solution Si ∈ AS do
14 BLOCK ′ = BLOCK∪ ConstructBuildingBlocks(Si, ER).
15 Apply Path-Scanning algorithm to BLOCK ′ and obtain a new solution NSi.
16 if NSi /∈ POP then
17 POP = POP ∪NSi.

18 /* Insertion */
19 Set WT as the total demands of all tasks in ER.

20 Set k0 =
⌈
WT

Q

⌉
.

21 for each solution Si ∈ AS do
22 Set a new solution NSi = Si.
23 Remove all served tasks and deleted tasks in NSi.
24 Set K as the number of routes in NSi.
25 if K < k0 then
26 Add k0 −K empty routes into NSi.

27 Set a copy of new task set CNER = NER.
28 while |CNER| > 0 do
29 t, r = task and route with the smallest increasing cost for the insertion.
30 if t, r = NULL then
31 // No route is feasible for any tasks in CNER

32 Add a new empty route into NSi.

33 else
34 Insert t into r in NSi.
35 Remove t from CNER.

36 if NSi /∈ POP then
37 POP = POP ∪NSi.

Output: Adaptive solution set POP
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historical solution, tasks that have been served or deleted are first deleted from the solution’s

task sequence. This results in an incomplete solution that contains information about the

historical solution. Since the minimal number of vehicles k0 can be determined based on the

instance’s information (i.e., k0 =
⌈
WT

Q

⌉
where WT is the total demands of all tasks), we add

several empty routes to the current incomplete solution if the number of routes in the current

incomplete solution is smaller than the minimum required number of vehicles. Then, the

new tasks are inserted into the current incomplete solution to obtain a new feasible solution

in a greedy way, such that the task resulting in the smallest increase in solution cost is added

first. If no route is feasible for any of the remaining tasks to be inserted, a new empty route

is inserted into the current solution, and the greedy insertion process continues.

After using the two different strategies, a new adaptive solution set is obtained to assist

the solution initialization for the new DCARP instance.

5.2.4 Discussion

Our work shows that a relatively simple building blocks strategy can be very effective to

update solutions to dynamic events under limited optimization time, as will be shown in

section 5.3. In particular, it is able to explicitly and efficiently extract valuable information

from historical solutions of the former environment, particularly in DCARP-OC scenarios

where no new tasks are inserted. However, for DCARP-CT scenarios involving the insertion

of new tasks, our approach currently has no optimization experience based mechanism for

assisting insert these new tasks to proper positions. As a result, the proposed strategies might

be less effective if there are a large number of new tasks. Therefore, it is very valuable to

investigate how to extract useful knowledge from past optimization to enhance the insertion

of new tasks. The efficacy of proposed strategies will be demonstrated and analyzed in the

following experimental section.
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5.3 Experimental Studies

In this section, the effectiveness of proposed SBBA strategy are evaluated in a series of

different DCARP scenarios. Then, we embed two state-of-the-art meta-heuristic algorithms

into our proposed DO-SBBA framework and evaluate their performance in a series of different

DCARP scenarios as well. The empirical results are presented and analyzed in this section.

5.3.1 Experimental Settings

All experiments were conducted on a series of DCARP scenarios generated by the simulation

system designed in Section 2.3 based on a static CARP benchmark, namely the EGL set [56].

The set consists of 22 different static CARP instances, including 10 EGL-G instances with

200 initial tasks and 12 EGL-S instances with 100 initial tasks. For simplicity, we simplified

the proposed simulation system, focusing only on the changes of edges’ costs and tasks to

benchmark the DCARP-OC and DCARP-CT scenarios.

To simulate cost-changing dynamic events, the expected deadheading cost (dc) is assigned

to each edge in the map to indicate the minimal cost of the edge. When simulating the

cost-changing dynamic events, the deadheading cost (dc) of an edge is determined by the

following equation:

dc =


dc, p < 0.25

dc× r, 0.25 ≤ p ≤ 0.75

dc, p > 0.75

(5.1)

where p ∈ U(0, 1) is a random number drawn from a standard uniform distribution. For each

edge in the map, if p < 0.25, its cost remains the same, indicating there is no dynamic event

on the edge. If p > 0.75, the edge’s cost becomes dc. Otherwise, the edge’s cost becomes
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r times the base cost, where r ∈ U(1, C) is also a random number drawn from a uniform

distribution with an upper bound value of C. In our experiments, C is set to 5.

Then, to simulate task-changing dynamic events, a vanishing probability of pv = 0.2 is

assigned to each remaining task when generating new DCARP instances. To simulate newly

added tasks, a predefined set of available arcs is used, and NNER
arcs are randomly selected

from the set to become the new tasks for the new environment. The value of NNER
is

determined by the following equation:

NNER
= pt ×NRT , (5.2)

where NRT denotes the number of remaining tasks when dynamic events occur, and pt is a

factor used to control the size of the new task dynamic events. In our experiments, pt is set

to 0.2.

We generated 10 different DCARP scenarios independently for each static CARP instance.

In our simulation, after optimization for a DCARP instance with limited time, the best-

obtained solution will be used to update the schedule of vehicles. Then, the next DCARP

instance will be generated after the current solution has been executed for a random duration.

We generated up to 5 DCARP instances in each DCARP scenario. If the number of tasks

in a new DCARP instance is less than 20, we also stopped generating new instances.

Besides, to investigate the generalization ability of the proposed SBBA, we also generated

a series of DCARP scenarios with varying severity of dynamic changes. Specifically, in

the DCARP-OC scenarios, the severity of cost changes is controlled by the parameter C,

and we investigate six different settings with C ∈ {1, 3, 5, 10, 15, 20}. For the DCARP-

CT scenarios, we focused on investigating different numbers of added tasks in our analysis.

Thus, we generate six different severity of added tasks with pt ∈ {0.1, 0.2, 0.4, 0.5, 0.6, 0.8}.

For simplicity, we only used the static CARP instance egl− g1−A for this analysis. In the
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DCARP-CT scenarios, the parameter C for cost changes is set to 5.

In our experiment, two optimization algorithms are embedded into the proposed DO-SBBA

framework, including the memetic algorithm with extended neighbor search (MAENS) [113]

and the global repair operator-based tabu search algorithm (RTS) [78] embedded with the

proposed virtual task strategy. MAENS is a population-based meta-heuristic algorithm and

its population size is set as psize = 30 which is same as its original paper [113]. The

number of archived top solutions lAS is also set as 30 in our experiments. For MAENS, if the

number of adaptive solutions is higher than the predefined population size psize, the best

psize solutions are selected as the initial solutions. Otherwise, if the number of adaptive

solutions is smaller than the predefined population size due to removing repeated solutions,

the necessary number of additional solutions is generated by the optimization algorithm’s

initialization scheme to form a complete population. Conversely, RTS is an individual-based

meta-heuristic algorithm and only the best among all adaptive solutions is used, as psize = 1.

For each DCARP instance optimized by a meta-heuristic algorithm, the maximum opti-

mization time was set to 1 minute, as it is desirable for optimization results to be provided

quickly in real world DCARP problems. We executed 25 independent runs in our experi-

ments. All programs were implemented in C language and ran on a Linux server with an

AMD Ryzen Threadripper PRO 3995WX 64-Cores 2.7GHZ processor. All static CARP

instances, generated DCARP scenarios, and algorithms’ source codes are available online1.

Upon completion of the optimization process, the best-obtained solution will be employed

to update the vehicle schedules. In our simulation, a new DCARP instance is generated

after the current solution has been executed for a specified duration.

1https://github.com/HawkTom/Solution-Building-Block-Strategy-for-DCARP

111



Chapter 5. Benefiting from Experience through Building Blocks

5.3.2 Performance Measurement

Since the generated DCARP instances in a DCARP scenario can vary significantly in scale,

we defined a normalized cost (NC) for each DCARP instance using the following equation:

NC =
TC − TCmin

TCmax − TCmin

(5.3)

where TC is the cost of the solution that needs to be normalized, and TCmax and TCmin are

the maximum and minimum costs, respectively, used for normalization in the corresponding

DCARP instance. The specific values for TCmax and TCmin depend on the set of experiments,

which will be discussed in the next section.

Furthermore, since a DCARP scenario comprises a series of DCARP instances, we have

employed an average normalized cost (ANC) for dynamic optimization [89] to compare

the performance of different algorithms/strategies for a DCARP scenario. The ANC of an

algorithm/strategy for a DCARP scenario is calculated using the following equation:

ANC =
1

M

M∑
m=1

NCm (5.4)

where M is the number of instances, and NCm is the normalized cost of the corresponding

algorithm/strategy in the mth instance of the DCARP scenario. In our experiments, smaller

values of NC and ANC indicate better performance.

5.3.3 Can SBBA Extract Optimization Experience

Since the SBBA was proposed to adapt historical solutions and obtain better initial solutions

for the new environment, we compare the quality of solutions obtained by the SBBA strategy

with two conventional constructive heuristics: path-scanning (PS) [36] and greedy generation
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Chapter 5. Benefiting from Experience through Building Blocks

(GRD) [113] algorithms. These two strategies are still the most popular and widely-adopted

initialization mechanisms in the meta-heuristic algorithms for optimizing (D)CARP in the

literature. The MAENS algorithm was used to optimize each DCARP instance, and the

lAS best solutions of the former DCARP instance were saved for the new DCARP instance.

Thus, for a new DCARP instance, we could obtain at most lAS solutions from the SBBA

strategy, one solution from the PS strategy, and psize solutions from the GRD strategy.

The performance of the three strategies was evaluated by comparing their best-generated

solutions.

NC performance measurement was used to compare the performance of three strategies.

For each DCARP instance, in Eq.(5.3), TC represents the cost of the best solution obtained

by the corresponding strategy, TCmin represents the cost of the best solution obtained by

MAENS after optimization, and TCmax represents the cost of the worst solution among all

solutions obtained by the three strategies. We generated 20 different DCARP scenarios for

each map, including 10 DCARP-OC scenarios and 10 DCARP-CT scenarios. For each type

of DCARP scenario for each map, the mean and standard deviation (mean ± std) of all

NC values for all DCARP instances of the three different strategies are presented in Table

5.1. For each map, we applied the Friedman test with a significance level of 0.05 to all

NC values corresponding to the obtained solutions of the three strategies in all DCARP

instances of the 10 generated DCARP scenarios. The best results under the hypothesis test

are highlighted in bold values with a gray background. From Table 5.1, it is clear that the

quality of solutions obtained by SBBA is significantly better than the other two conventional

constructive strategies, both in DCARP-OC and DCARP-CT scenarios.

We also calculate the difference in solution’s quality between the SBBA and each of the

other two strategies in all DCARP instances for DCARP-OC and DCARP-CT scenarios

(Figure 5.2). A higher difference implies a higher improvement in NC using the SBBA

strategy. As we can see, the improvements were present in both scenarios, but were of
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larger magnitude for the DCARP-OC scenarios. In other words, the building blocks were

particularly helpful when coping with cost-related dynamic events.

DCARP-OC DCARP-CT
Type of DCARP Scenarios

0.4
0.2
0.0
0.2
0.4
0.6
0.8
1.0

Di
ffe

re
nc

e

Strategy
SBBA-PS
SBBA-GRD

Figure 5.2: The difference of the generated solution’s quality between the SBBA and other
two strategies in all DCARP instances for DCARP-OC and DCARP-CT scenarios.

We hypothesized that SBBA outperforms the other two strategies because SBBA managed

to obtain solutions that are more similar to the best solution for a DCARP instance. To test

this hypothesis, a type of “similarity” (Sim) between one solution and the “best” solution

was defined. The best solution is set as the best among all solutions obtained when running

MAENS both with SBBA and with GRD as the initialization strategy. The similarity was

calculated using the following equation:

Sim =
#SameLinks

#TotalLinks
(5.5)

where #TotalLinks is the number of links between two consecutive tasks in the best solution,

and #SameLinks is the number of links that exist in both the given solution and the best

solution. If more links in the best solution also exist in the given solution, the Sim value
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will be higher, indicating that the given solution is more similar to the best solution.

Figure 5.3: Results of the NC and Sim for all solutions generated by three strategies in all
DCARP scenarios of all maps. White contours represent the estimated distribution for all
data.

We calculated the NC and Sim values for all solutions generated by the three strategies

in all DCARP scenarios and maps, and the results are presented in Figure 5.3. The grey

points in the figure represent the data of all solutions, while purple distribution and white

contours represent the estimated distribution. From the figure, it is evident that the value of

NC decreases as the Sim value increases. Therefore, a strategy that can generate solutions

that are more similar to the best solution will have higher-quality solutions.

Then, we calculated the NC and Sim values of the best solutions obtained by each strategy

in different types of DCARP scenarios (Figure 5.4). Figure 5.4a and Figure 5.4b show

the distributions of solutions for DCARP-OC and DCARP-CT scenarios, respectively. The

colored areas represent the estimated distribution of solutions obtained by different strategies.

It is evident that the solutions obtained by SBBA are located in the bottom right part for
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(a) Solutions’ distributions in DCARP-OC sce-
narios

(b) Solutions’ distributions in DCARP-CT sce-
narios

Figure 5.4: The distribution of solutions’ Sim and NC for path-scanning (PS), greedy
generation (GRD), and SBBA strategies.

both types of DCARP scenarios, and especially for DCARP-OC. This indicates that the

solutions generated by SBBA are overall more similar to the best solution and have a higher

quality than the other two strategies in both DCARP-OC and DCARP-CT scenarios, and

especially for DCARP-OC. This is in line with the improvements in NC, which were present

for both DCARP-OC and DCARP-CT, but were relatively larger for DCARP-OC (Figure

5.2) as discussed earlier in this section.

Additionally, our motivation for the SBBA is to retain the high-quality solutions’ char-

acteristics of the former DCARP instance by the building block so that the new DCARP

instance can benefit from such characteristics and generate better solutions. The above re-

sults between the solution’s similarity to the best solution and the solution’s quality also

demonstrated that our proposed SBBA indeed retains the valuable characteristics of the

high-quality solutions of the former DCARP instance. SBBA is effective for generating

high-quality solutions, especially in DCARP-OC scenarios (Figure 5.2).
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5.3.4 Can SBBA Promote Dynamic Optimization

The solutions generated by SBBA have been demonstrated to be of better quality than the

solutions generated by conventional constructive strategies in the above experiments. In this

subsection, the generated solutions by SBBA strategy were used as the initial solutions for

the dynamic optimization. As mentioned in Section 5.3.1, two meta-heuristic algorithms,

i.e., MAENS (population-based) [113], and RTS (individual-based) [78], are employed to

evaluate the performance of proposed DO-SBBA framework.

The meta-heuristic algorithm with SBBA strategy was compared to the same algorithm

with GRD strategy in both DCARP-OC and DCARP-CT scenarios. For each type of

DCARP scenario, we generated 10 different DCARP scenarios for each map, and each op-

timization algorithm optimized each DCARP instance for 25 independent runs. The ANC

was used for the performance measurement. We calculated the ANC value in each inde-

pendent run for meta-heuristic algorithms with different strategies. Then, for each DCARP

scenario, the Wilcoxon signed-rank test with a significance level of 0.05 was applied to all

ANC values from 25 independent runs for two strategies. The results of MAENS and RTS

algorithms with the SBBA and GRD strategies in DCARP-OC and DCARP-CT scenarios

are presented in Table 5.2. The values in each cell represent the number of “win-draw-lose”

of the SBBA strategy versus the GRD strategy under the hypothesis test over 10 different

DCARP scenarios for each map. Besides, we also plotted the convergence curves of meta-

heuristic algorithms with different strategies in DCARP scenarios, and some of them are

presented in Figure 5.5. Each plot represents a complete DCARP scenario including all

DCARP instances. Each segment in the plot represent the algorithm’s convergence curve

within the maximum optimization time in the corresponding DCARP instance.

Based on the results presented in Table 5.2 and Figure 5.5, it can be observed that the

SBBA strategy improves the optimization performance of both MAENS and RTS algorithms
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(a) MAENS for DCARP-OC scenario

(b) RTS for DCARP-OC scenario

(c) MAENS for DCARP-CT scenario

(d) RTS for DCARP-CT scenario

Figure 5.5: The convergence curves of MAENS [113] and RTS [78] with SBBA (blue lines)
and GRD (orange lines) strategies in some DCARP-OC and DCARP-CT scenarios.
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Table 5.2: Comparison of MAENS and RTS meta-heuristic algorithms using SBBA against
GRD in DCARP-OC and DCARP-CT scenarios. The values in each cell represent the
number of “win-draw-lose” for the SBBA strategy based on Wilcoxon signed-rank tests with
a significance level of 0.05 in 10 DCARP scenarios of each map.

MapName
DCARP-OC Scenarios DCARP-CT Scenarios

MAENS RTS MAENS RTS

egl-g1-A 10-0-0 8-2-0 6-4-0 7-1-2
egl-g1-B 10-0-0 7-1-2 3-7-0 6-2-2
egl-g1-C 10-0-0 8-0-2 2-6-2 4-3-3
egl-g1-D 10-0-0 8-2-0 4-5-1 2-3-5
egl-g1-E 10-0-0 8-2-0 4-5-1 1-5-4
egl-g2-A 10-0-0 7-1-2 3-5-2 8-1-1
egl-g2-B 10-0-0 6-2-2 4-6-0 4-3-3
egl-g2-C 10-0-0 10-0-0 5-5-0 5-2-3
egl-g2-D 10-0-0 7-0-3 5-5-0 6-1-3
egl-g2-E 10-0-0 6-3-1 6-4-0 4-3-3
egl-s1-A 4-4-2 9-1-0 4-5-1 5-1-4
egl-s1-B 3-7-0 10-0-0 4-4-2 7-0-3
egl-s1-C 8-1-1 10-0-0 2-7-1 3-4-3
egl-s2-A 8-2-0 3-5-2 1-8-1 2-7-1
egl-s2-B 5-5-0 4-5-1 1-7-2 2-7-1
egl-s2-C 3-6-1 2-8-0 2-6-2 2-8-0
egl-s3-A 6-4-0 7-3-0 3-5-2 2-5-3
egl-s3-B 7-3-0 4-6-0 3-6-1 1-8-1
egl-s3-C 5-4-1 5-5-0 2-7-1 1-9-0
egl-s4-A 5-5-0 6-4-0 2-8-0 1-6-3
egl-s4-B 5-5-0 2-5-3 0-10-0 2-7-1
egl-s4-C 4-5-1 4-6-0 4-6-0 1-7-2
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in most DCARP scenarios, especially in DCARP-OC scenarios. However, in most DCARP-

CT scenarios, the MAENS/RTS with the SBBA strategy performs similarly to MAENS/RTS

with the GRD strategy. This is understandable, since the SBBA analysis shown in Section

5.3.3 showed that this strategy usually leads to larger improvements in the initial solutions

for DCARP-OC than for DCARP-CT. The convergence speed is also faster with the SBBA

strategy, as shown in Figure 5.5. This is due to the higher-quality and higher-similarity

initial solutions generated by the SBBA strategy (Figure 5.4). The higher-quality solutions

used for optimization can lead to faster convergence, and solutions with higher similarity

indicate they are closer to the best solution, which can also lead to faster convergence of

meta-heuristic algorithms.

The SBBA strategy is shown to be effective in promoting the performance of meta-heuristic

algorithms in DCARP scenarios, especially in DCARP-OC scenarios. This indicates that the

SBBA is much more effective for DCARP-OC scenarios without task changing. Additionally,

in Table 5.2, MAENS with SBBA strategy outperforms the GRD strategy in all DCARP-OC

scenarios of EGL-G maps, which has larger number of tasks. This indicates that the MAENS

with SBBA strategy significantly outperforms the GRD strategy in DCARP scenarios with

more tasks because scenarios with a smaller number of tasks are too easy for MAENS so that

the effectiveness of SBBA is not obvious. For RTS, since it only uses one adaptive solution

for optimization, the effectiveness of SBBA is also not obvious. However, it still provides a

performance boost for RTS if the adaptive solution has a higher quality according to Figure

5.5b and 5.5d.

Therefore, we can conclude from our experimental results that DO-SBBA can promote the

dynamic optimization performance of meta-heuristic algorithms. Specifically, the DO-SBBA

is much more effective in DCARP-OC scenarios and DCARP scenarios that are harder for

the original meta-heuristic algorithms to handle.
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5.3.5 How Well SBBA Performs under Different Severities of Dy-

namic Changes

To investigate the generalization ability of the proposed SBBA, we applied it to the DCARP

scenarios with varying severity of dynamic changes. We employed the MAENS algorithm to

optimize each DCARP instance in the dynamic optimization framework.
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Figure 5.6: The performance comparison between path-scanning (PS), greedy generation
(GRD) and SBBA strategies on DCARP scenarios with different severity of dynamic changes.

For each setting of C and pt, which control the severity of dynamic changes, we generated

10 different DCARP scenarios independently. Smaller C and pt indicate that smaller changes

in edges’ deadheading costs and fewer number of added tasks, respectively. We calculated

the NC of solutions generated by SBBA, path-scanning (PS), and greedy generation (GRD)

in all DCARP instances of the 10 scenarios. The results are presented in the boxplots in

Figure 5.6. For the DCARP-OC scenarios in Figure 5.6a, our SBBA strategy outperforms

the other two algorithms, even when the severity of dynamic changes is larger. However,

the performance gap between SBBA and the other two algorithms decreases as the severity

of dynamic changes increases. For the DCARP-CT scenarios in Figure 5.6b, our SBBA

strategy is slightly better than the other two constructive heuristic algorithms when the
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number of added tasks is small. However, when the number of added tasks becomes larger,

the performance of SBBA decreases substantially and is even worse than the other two

algorithms when pt > 0.6.

Therefore, based on the experimental results, our proposed SBBA strategy is more effective

when the severity of dynamic changes is small. This is because small dynamic changes make

the new DCARP instance more similar to the previously optimized DCARP instance, causing

high-quality solutions for both DCARP instances to also be similar. The SBBA strategy

utilizes these similarities to generate solutions for new DCARP instances. Therefore, small

dynamic changes are more suitable for our SBBA strategy. When the severity of dynamic

changes becomes large, our SBBA strategy is more robust in DCARP-OC scenarios than in

DCARP-CT scenarios. Furthermore, the SBBA strategy performs even worse than the other

two algorithms when the number of added tasks is large in DCARP-CT scenarios. This is

because in good solutions of new DCARP instances, the newly added tasks and remaining

tasks might form a new building block, and so the building blocks for the former DCARP

instances are likely to cause a bad solution.

5.4 Summary

In this chapter, we focused on dynamic optimization for the DCARP scenario, which con-

siders unforeseen dynamic events occurring during the deployment of the CARP solution.

Existing works on DCARP optimization usually apply re-optimization from scratch to solve

the DCARP scenario. However, since DCARP instances in a scenario are generated based

on the previous instance, they share many similarities. The optimization experience for the

previous instance can be leveraged to facilitate dynamic optimization for the new instance.

Therefore, we proposed a solution building block adaptive strategy based dynamic opti-
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mization framework (DO-SBBA) to assist meta-heuristic algorithms in solving the DCARP

scenario. We considered two different DCARP scenarios: the DCARP-OC scenario con-

taining instances generated only from cost-changing dynamic events, and the DCARP-CT

scenario containing instances generated from both cost-changing and task-changing dynamic

events. We proposed the building blocks to extract valuable experience from historical solu-

tions. For DCARP-OC scenarios, we proposed a building block-based constructive strategy

called SBBA to adapt historical solutions to new DCARP-OC instances. Furthermore, for

DCARP-CT scenarios, we proposed a building block-based constructive strategy and an

insertion strategy to handle new DCARP-CT instances.

To evaluate the efficacy of the proposed SBBA strategy and the optimization framework,

we applied them to a series of DCARP-OC and DCARP-CT scenarios. The SBBA strategy

was compared with two conventional constructive strategies in terms of the quality of directly

generated solutions. The experimental results demonstrated that the SBBA benefits a lot

from the experience contained in historical solutions and significantly outperforms the other

two strategies. Empirical analysis indicated that solutions constructed by the SBBA are

more similar to the best solutions with the help of the extracted experience. Furthermore,

we analyzed the performance of the DO-SBBA framework for dynamic optimization by

embedding two meta-heuristic algorithms, MAENS [113] and RTS [78]. The experimental

results showed that the DO-SBBA framework led to fast convergence and helped the original

algorithm obtain better solutions for both algorithms in both DCARP-OC and DCARP-CT

scenarios. Since SBBA can generate a set of adaptive solutions, the MAENS, which is a

population-based algorithm, benefits more from the SBBA strategy than the RTS algorithm,

which is an individual-based algorithm. We also found that the proposed framework is

particularly helpful for DCARP-OC scenarios, with improvements in performance being

observed across different severity of change in cost. For DCARP-CT scenarios, improvements

in performance were larger for smaller changes in the number of added tasks.
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Therefore, the SBBA strategies and the new dynamic optimization framework proposed

in this chapter answer the RQ3: “How to extract optimization experience from a DCARP

instance and integrate into a meta-heuristic framework for enhanced performance in differ-

ent DCARP scenarios?”. However, we have only evaluated the proposed algorithms through

comparison with baseline algorithms. The performance of algorithms relative to the theo-

retical global optimum remains unknown. Since the theoretical global optimum is typically

unknown for most DCARP instances, we are going to derive a lower bound in the next

chapter to approximately estimate the performance of our algorithm relative to theoretical

global optimum to answer the RQ4: “How can we derive a lower bound for evaluating the

DCARP solution quality rather than relying solely on comparison with baseline algorithms?”.

Besides, the performance of our algorithm in real-world applications is also still unknown.

Therefore, we will also focus on applying our algorithms to DCARP scenarios with real traf-

fic conditions to in following chapters to answer RQ5: “How can we evaluate and how well

do our proposed DCARP algorithm perform in real-world scenarios in addition to artificial

benchmarks?”.
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Chapter Six

Performance Measurement with Lower

Bound

This chapter is based on following publication: Tong, Hao, Leandro L. Minku, Stefan Menzel, Bernhard
Sendhoff, and Xin Yao. “Evaluating meta-heuristic algorithms for dynamic capacitated arc routing problems
by deriving lower bounds.” In submission to IEEE Computation Intelligence Magazine.
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6.1 Introduction

The performance of proposed algorithms for DCARP has been validated through comparing

the optimization result with the baseline algorithm using statistical tests. It only measures

the relative performance compared to the baseline algorithm without any estimation about

the performance relative to the global optimum. However, the algorithm’s performance in re-

lation to the global optimum is crucial for assessing the remaining potential for improvement

in the optimization algorithms.

To the best of our knowledge, only a percentage deviation was proposed based on a

posterior lower bound to estimate the performance of DCARP optimization algorithms [94].

However, this posterior lower bound corresponds to the static CARP instance, which means

all tasks are treated as if they are all known in advance, instead of the lower bound of

each actual DCARP instance. Therefore, when the theoretical optimum is unknown, the

lower bound would be very important for measuring the performance of the meta-heuristic

algorithm (Hochba, 1997), and also for a better understanding of the problem and its solution

method. However, methods for calculating the lower bound for DCARP instances are missing

in the literature.

Therefore, in this chapter, we derived a tight lower bound for DCARP instances. Then,

the performance of meta-heuristic algorithms for DCARP is evaluated through assessing the

quality of DCARP solutions based on the derived lower bound, answering the RQ4: “How

can we derive a lower bound for evaluating the DCARP solution quality rather than relying

solely on comparison with baseline algorithms?”.

Our contributions are as follows:

• We propose the first lower bound approach for DCARP, named node matching lower

bounds (NMLB), which converts the lower bound problem to a minimum cost matching
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problem (MCMP). A lower bound for a DCARP instance is obtained by applying

the Blossom algorithm [35] to solve the MCMP. The tightness of the lower bound is

analyzed on a set of DCARP instances whose theoretical optima are known and the

analysis concludes that the obtained NSLB is very close to the theoretical optimum on

the testing DCARP instances.

• We also propose a graph pruning strategy that removes a subset of redundant vertices

in the MCMP, which increases the computational efficiency of the proposed NMLB

approach. Its efficiency is demonstrated and analyzed in our experimental studies.

• We applied the derived lower bound to evaluate the performance of the proposed algo-

rithms in Chapters 3 and 5 on a benchmark of DCARP instances. The experimental

analysis reveals its excellent performance on relatively small instances and potential

improvements on large complex instances, which is the first time in the literature.

The remainder of this chapter is organized as follows. Section 6.2 introduces lower bound

approaches for static CARP instances. Section 6.3 introduces our proposed node matching

lower bound approach and the graph pruning strategy. Section 6.4 presents experimental

results about the tightness of lower bound, measuring the performance of optimization algo-

rithm and the efficacy of the pruning strategy. The summaries of this chapter are provided

in Section 6.5.

6.2 Lower Bound for Static CARP Instance

During the past decades, several lower-bound methods have been introduced for static CARP

instances. Two fundamental approaches, including the matching lower bound (MLB) [37]

and the nodes scanning lower bound (NSLB) [4], stand out. MLB deduces the lower bound

by adding artificial edges to transform the graph into an Euler graph [37]. NSLB considers
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that vehicles would traverse a path from the depot to a given node before serving any tasks

and that the number of paths linking to a node would not exceed the number of connected

tasks. Thus, NSLB adds artificial edges between the depot and nodes to obtain a lower bound

[4]. Further approaches have been proposed based on these two basic methods. For example,

[9] proposed two lower bounds (LB1 and LB2) based on NSLB, and [108] proposed the node

duplication lower bounds (NDLB) method based on MLB. [131] combined MLB and NSLB

and proposed a tighter lower bound, called MCNDLB. Besides, [5] used cut-and-column

generation to get a new improved lower bound for static CARP instances. Subsequently, the

MLB and NSLB will be introduced in detail.

6.2.0.1 Node Scanning Lower Bound

Node scanning lower bound [4] is a fundamental method for static CARP. It is based on

the constraint that each node vi ∈ GR can appear no more than d(vi) times in the solution

because each task can only be served once. Let C∗ be the optimal cost for a CARP instance.

It can be divided into three parts: the total service costs for all tasks (CT ), the costs of

artificial edges directly linked to the depot (C1), and the costs of artificial edges linking

different tasks (C2). Thus, we can have the following condition:

C∗ = CT + C1 + C2 ≥ CT + C1 (6.1)

Since the value of CT can be calculated directly for a given CARP instance, the lower bound

for C∗ can be obtained by finding a lower bound of C1.

As the minimum number of vehicles/routes required to serve all tasks is k0 =
⌈
WT

Q

⌉
, the

number of edges directly linking to the depot in the solution is at least 2k0. If the degree

of the depot d(v0) in GR is greater than 2k0, i.e., 2k0 ≤ d(v0), artificial edges may not be

required in the optimal solution because the number of existing edges linking to the depot
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are enough to construct k0 routes. Therefore, the lower bound for C1 is 0, and CT becomes

the lower bound for the CARP instance. On the other hand, for 2k0 > d(v0), to satisfy the

minimum requirement of constructing k0 routes, we have to add J = 2k0 − d(v0) artificial

edges directly linking to the depot with minimum costs in GR. Each node vi ∈ VR \ {v0}

will never appear more than d(vi) times in a solution. Thus, each node vi ∈ VR \ {v0} can

link at most d(vi) artificial edges in the solution. Therefore, the NSLB can be obtained by

the following three steps:

Step 1: Renumber all vertices in VR/{v0} (excluding the depot) according to their minimum

costs from the depot, i.e., mdc(v0, v1) ≤ mdc(v0, v2) ≤ ... ≤ mdc(v0, v|VR|−1), where

|VR| denotes the number of vertices in VR.

Step 2: Determine the smallest H that satisfies
∑H

i=1 d(vi) ≥ J = 2k0 − d(v0).

Step 3: Reset the degree of vK to d(vK) = J −
∑H−1

i=1 d(vi).

As a result, the node scanning lower bound NSLB for static CARP is calculated by

NSLB = CT +
H∑
i=1

d(vi)mdc(v0, vi) (6.2)

6.2.0.2 Node Duplication Lower Bound

Node duplication lower bound [108] also considers that each task can only be served once

in a solution. Therefore, they created an auxiliary graph by duplicating each node vi ∈ VR,

which is incident with at least one task, with d(vi) copies. The lower bound is obtained by

solving a minimum cost matching problem (MCMP) on the auxiliary graph.

Since the k0 =
⌈
WT

Q

⌉
is also the minimum number of vehicles required for serving all tasks,

the depot will occur at least 2k0 times in the optimal solution as the starting and ending
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vertices of the routes. The node vi will occur d(vi) times in any solution to the CARP.

Therefore, the NDLB method constructs an auxiliary graph by creating copies of the depot

and all nodes in VR including the following steps: [108]:

Step 1: Define a family of nodes vi ∈ VR ∪ v0 as fam(vi), and each fam(vi) consists of a set

of d(vi) nodes that represent copies of node vi. For fam(v0), add max(0, 2k0−d(v0))

nodes. The set of all nodes in Vx is denoted as
⋃

vi∈VR∪v0 fam(vi).

Step 2: For each pair of nodes vi, vj ∈ Vx, add one artificial edge between them to form the

set Ex.

Step 3: In Ex, determine the demand edges according to the tasks in the CARP instance

and assign the demand to the corresponding demand edge.

Step 4: For each edge (vi, vj) ∈ Ex, assign its cost with the cost of the shortest path in

the original graph. If two nodes belong to the same family (resp. fam(v0)), set

the edge’s cost with 0 (resp. ∞). If the edge links two demand edges whose total

demands are greater than the capacity, set the edge’s cost with ∞. If one end node

of the edge is a v0 belongs to a demand edge, set the edge’s cost with ∞.

Step 5: Solve a minimum cost matching problem in Gx = (Vx, Ex).

Let M , and opv(M) be the solution of MCMP and its optimal value, the lower bound of the

CARP instance NDLB = opv(M) + CT , in which CT is also the total service costs for all

tasks.

6.2.0.3 The Gap of Using Existing Lower Bounds Approaches in DCARP

Although the current lower bounds for static CARP instances have been reasonably tight, the

lower bound approaches are unsuitable for deriving the lower bound of DCARP instances.
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This is because the lower bound approaches for static CARP instances only consider routes

starting from the depot. However, since DCARP instances are generated due to the dynamic

events occurrence when vehicles are in their services, the DCARP solution consists of routes

belonging to outside vehicles which start from different locations instead of the depot. These

outside vehicles can continue serving some tasks and then return to the depot, or they can

also return to the depot directly. These cases have to be taken into account when deriving

the lower bound, but the static lower bound approach is not capable of handling them.

In Chapter 3, we proposed a “virtual-task” strategy for converting a DCARP instance

into a “virtual” static CARP instance, enabling optimization algorithms designed for static

CARP to be applied to DCARP. The virtual-task strategy creates a virtual task between the

depot and the location where each outside vehicle stops. Each virtual task is assigned the

same demand as that already served by a given outside vehicle. Serving a virtual task once

using a depot vehicle will result in the location and remaining capacity of this vehicle being

the same as that of the corresponding outside vehicle when the change happened. Therefore,

during optimization, each outside vehicle can be treated as if it was a vehicle located at the

depot, but serving its corresponding virtual task once. However, even though all vehicles

are located at the depot with the same capacity in the “virtual” static CARP instance, it

is still not suitable to apply existing lower bound approaches for static CARP instances to

such “virtual” static CARP instances. This is because the virtual task is constructed for

optimization with static CARP optimization algorithms, and these virtual tasks have to be

the first task in a route. Furthermore, two virtual tasks can not exist in the same route in

the final solution. Therefore, the outside vehicles are still required to be considered when

deriving the lower bound using the converted “virtual” static CARP instances with static

lower bound approaches.

Therefore, to fill the gap of deriving the lower bound for DCARP instances, we propose a

node matching lower bound approach motivated by the NSLB [4] and NDLB [108] approaches
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for static CARP instances. More details of the proposed approaches are presented in Section

6.3.

6.3 Performance Evaluation with Node Matching Lower

Bound for DCARP

6.3.1 Node Matching Lower Bound Algorithm

For a given DCARP instance, we assume a solution S = {r1, r2, ..., rK} is composed of several

routes. In each route rk : (spk, tk,1, tk,2, ..., tk,lk , v0), the spk is the starting point of the route

and tk,i is the ith task of the route. Suppose headtk,i , tailtk,i denote the beginning and ending

vertices for serving the task tk,i, the route rk can be represented by a node sequence as

follows:

rk = (spk, headtk,1 , tailtk,1 , headtk,2 , tailtk,2 , ..., tailtk,lk , v0)

Therefore, a DCARP solution can be formed by adding the following three types of artificial

links:

1. Artificial links between the starting vertex of the route and the head vertex of the first

task.

2. Artificial links between the tail vertex of the last task and the returning vertex of the

route (the depot).

3. Artificial links between the tail vertex of one task and the head vertex of its next task.

The total costs of a solution are determined by the costs of these artificial links because the

total service costs of all tasks are fixed according to the objective formulation in (2.1) and
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(2.3). Thus, if we can identify a case of adding artificial links between tasks and starting and

returning vertices with minimum total costs, a valid lower bound for the DCARP instance

can be obtained.

At first, we must determine the minimum number of routes required for the given DCARP

instance to determine the minimum number of starting and returning vertices required in

a DCARP solution. Due to the outside vehicles in the DCARP instance, the solution of

the DCARP instance consists of routes not only starting from the depot but also from

these outside vehicles. These outside vehicles can also continue to serve some tasks, thereby

affecting the minimum number of vehicles required to start from the depot, which can be

calculated as:

k0 =

⌈
WT −

∑Nov

i=1 qi
Q

⌉
(6.3)

The number of routes belonging to the outside vehicles equals the number of outside vehicles,

i.e., Nov.

In a DCARP solution, the starting vertices of routes can be not only the depot but also

nodes associated with outside vehicles (outside vehicles’ nodes). The set of stop locations

for outside vehicles is represented as Vov = {sp1, sp2, ..., spNov}. The returning vertices are

always the depot. Thus, for adding artificial links related to the starting and returning

vertices, five constraints have to be satisfied in a DCARP solution:

1. The depot in k0 routes associated with vehicles starting from the depot must link to a

task’s node vi ∈ VR.

2. The depot in Nov routes associated with outside vehicles can link to a task’s node or

directly link to a starting vertex spi ∈ Vov.

3. The starting vertex spi ∈ Vov in Nov outside vehicles’ routes can link to a task’s node

or directly link to a depot.
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4. If a starting vertex spi ∈ Vov in Nov outside vehicles’ routes links to a task’s node, the

returning vertices (depot) in these routes must also need to link to a task’s node.

5. If a starting vertex spi ∈ Vov in Nov outside vehicles’ routes link to the depot, the

returning vertex (depot) in these routes cannot link to other tasks’ nodes anymore.

Algorithm 8: Pseudo-code of constructing the auxiliary graph
Input: Graph GR = (VR, ER)

1 Initialise four empty sets A,B,C,D.
2 Add 2k0 nodes into A representing 2k0 copies of the depot v0. // Depots needed

for new vehicles to start at, and return to.
3 Add Nov nodes into C representing Nov copies of the depot v0. // Depots needed

for outside vehicles to return to.
4 Add all nodes in Vov into D, i.e., D = Vov. // Nodes where outside vehicles are

located.
5 for each node vi ∈ VR do
6 Add d(vi) copies of node vi into B. // Nodes which vehicles can pass

through when serving tasks

7 Set Vx = A
⋃

B
⋃

C
⋃

D, Ex = ∅.
8 Add links between A and B, Ex = Ex

⋃
{(vi, vj)|vi ∈ A, vj ∈ B}.

9 Add links between B and C, Ex = Ex

⋃
{(vi, vj)|vi ∈ B, vj ∈ C}.

10 Add links between B and D, Ex = Ex

⋃
{(vi, vj)|vi ∈ B, vj ∈ D}.

11 Add links between C and D, Ex = Ex

⋃
{(vi, vj)|vi ∈ C, vj ∈ D}.

12 Add links inside set B, Ex = Ex

⋃
{(vi, vj)|vi ∈ B, vj ∈ B, vi ̸= vj}.

13 for each link (vi, vj) ∈ Ex do
14 Set its cost equal to the cost between the two corresponding nodes in GR.

Output: Auxiliary graph Gx = (Vx, Ex)

Therefore, an auxiliary graph Gx can be constructed based on the above constraints, and

the pseudo-code for constructing the auxiliary graph is presented in Algorithm 8. Four

different empty subsets, named as A, B, C and D, are initialized to include nodes with

different roles in a DCARP solution. Set A includes 2k0 nodes representing the starting

and returning vertices of k0 routes starting from the depot, which are all depots. Set C

includes Nov nodes representing the returning vertices of Nov routes associated with the

outside vehicles. Set D includes the starting vertices of Nov routes belonging to the outside

vehicles, i.e., the locations where outside vehicles stop. Set B mainly consists of the vertices
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incident with the tasks in GR. Since each task can only be served once in a DCARP solution,

any vertex vi can not be linked over d(vi) times (i.e., the degree in GR) when adding artificial

links to form the DCARP solution. Thus, we add d(vi) copies of each vertex vi ∈ VR into

set B. These four sets are combined to form the set Vx. Then, according to the above five

constraints, we add links between sets A and B, B and C, B and D, and sets C and D. We

also add links between nodes in set B, representing the links between tasks in a solution. All

these links form a set Ex. For each link in Ex, its cost equals to the corresponding minimum

costs between two vertices in GR. Finally, the auxiliary graph Gx = (Vx, Ex) is constructed

and used to calculate the instance’s lower bound.

Theorem 1. Let CMCMP be the cost of the optimal solution of the minimum cost matching

problem on Gx. Then, NMLB = CT + CMCMP provides a valid lower bound for a DCARP

instance.

Proof. The optimal solution of the DCARP instance comprises tasks, artificial links between

tasks’ head and tail vertices, and artificial links between tasks’ endpoints and the starting

and returning vertices of the routes. The total service costs CT are fixed for a given DCARP

instance. The case of all artificial links in the optimal solution must be a matching of the

auxiliary graph Gx: each vertex in Gx must link with exactly one other vertex and each

vertex can only be linked once in the Gx. Let C∗
links denote the total costs of all artificial

links in the optimal solution of the DCARP instance. Then, C∗
links must be greater than or

equal to the cost of the solution to the minimum cost matching problem on Gx, which we

denoted as CMCMP . Thus, the following inequality must be satisfied:

C∗ = CT + C∗
links ≥ CT + CMCMP = NMLB (6.4)

which completes the proof.
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6.3.2 An Example of NMLB Approach
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Figure 6.1: An example of a DCARP instance. Node ‘0’ represents the depot. Values in
brackets denote the cost and demand of the corresponding edge.

Example 1. A numerical example of a DCARP instance is shown in Figure 6.1, in which the

node ‘0’ denotes the depot, and the cost and demand of each edge are provided in brackets. In

our example, the traversing cost is equal to the serving cost for all tasks. The full capacities

Q of the vehicle are equal to 4. Two outside vehicles, i.e., ov1 and ov2, stop at nodes ‘2’ and

‘3’, respectively, with remaining capacities q1 = q2 = 2 in the example.

The optimal solution for this instance has the following routes: {1 : v2 ⇒ v1− v0, 2 : v3 ⇒

v1− v0, 3 : v0 ⇒ v1− v4 ⇒ v2− v1− v0, 4 : v0− v1 ⇒ v4 ⇒ v3− v1− v0}, where “⇒” denotes

that the edge between two nodes is a task, and the “−” denotes the traversed edge between

two nodes. Thus, the optimal solution’s cost for this example is 14.

The total demand for all tasks is WT = 12. Thus, the minimum number of new vehicles

dispatched from the depot is k0 = 2. Therefore, we can construct the auxiliary graph Gx

for the given instance as shown in Figure 6.2a including four different sets. Set A includes
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(a) Graph Gx for example 1 as shown in Figure 6.1. It has links
between all pairs of nodes in set A and B, set B and C, set B and
D, set C and D, and between nodes in set B, as shown with big grey
arrows.
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(b) The solution of MCMP for the graph Gx of example 1.

Figure 6.2: Example of applying NMLB approach in a DCARP instance.

2k0 = 4 copies of the depot. Set B includes all nodes in GR, and each node is duplicated

by its degree copies. Set C includes Nov = 2 copies of the depot. Set D includes the nodes

where outside vehicles stop. The big grey arrows indicate the links between all pairs of nodes

in the two sets.

The solution for the MCMP on Gx is shown in Figure 6.2b with solid lines. Thus, the

total costs for the solution of MCMP, i.e., CMCMP , is equal to 7. Therefore, the lower bound

NALB for this example is 13, since the total services costs are CT = 6.
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6.3.3 Graph Pruning Strategy

Even though the above approach can obtain a lower bound for the DCARP instance, the

process of solving the minimum cost matching problem on Gx is computationally expensive

when the number of tasks in the instance is large. This is because there will be a large

number of nodes in the set B of Gx for instances with many tasks and the time complexity

of “Blossom algorithm1” [35] for MCMP is O(|Vx|3). However, since the degree of many nodes

in GR is greater than 1 resulting in multiple copies of these nodes are in the set B, many

nodes in set B probably match their own copies in the final solution of MCMP. Thus, it is

possible to exclude the nodes which definitely will match their copies in the final solution

of MCMP to reduce the number of nodes in the set B. Therefore, we propose a pruning

strategy in this subsection to mitigate the computational burden of solving the MCMP.

To remove the nodes which will definitely match their copies in set B of Gx in the final

MCMP solution, it is necessary to identify those nodes in set B which are possible to match

to nodes in sets A, C and D first. Then, the remaining nodes in set B can be pruned to

remove any duplicates and reduce the size of set B. The pruning algorithm for set B is

presented in Algorithm 9 for obtaining a new set B’ before solving the MCMP.

First, to identify which nodes in set B could potentially match the nodes in sets A, C

and D, we need to consider the 2k0 + Nov depots in sets A and C as well as the nodes of

the outside vehicles in set D. Therefore, in Line 2-3 of Algorithm 9, we sort all nodes in B

according to their minimum costs from the depot and add the nearest 2(k0 + Nov) nodes

into B’ because the outside vehicles’ nodes at most match to Nov nodes from the nearest

2(k0+Nov) nodes from B, and the remaining 2k0+Nov nearest nodes are enough for matching

the 2k0 + Nov depots in A and C. Then, for each outside vehicle node, we sort the whole

set B according to their costs to the outside vehicle node. For each node in the nearest

1We use the python library (Networkx) to solve the MCMP.
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Algorithm 9: Pseudo-code of pruning the set B.
Input: Graph GR, set B

1 Set B’ = ∅.
2 Sort nodes in B according to their minimum costs from the depot.
3 Select the front 2(k0 +Nov) nodes in B and add them to B’.
4 for each spi ∈ Vov do
5 Set Bsort by sorting nodes in B according to their minimum costs to spi.
6 for each vi ∈ Bsort[1 : Nov] do
7 if vi /∈ B’ then
8 Add vi to B’

9 Set X = B \B’.
10 for each vi ∈ X do
11 if vi has even number of copies then
12 Remove all vi in X.

13 if vi has odd number of copies then
14 Just keep one vi in X.

15 B’ = B’ ∪X.
Output: B’

Nov nodes of the sorted B, if it has not been included in set B’, then add it into the set

B’, which are presented in Line 4-8 of Algorithm 9. This is because the remaining Nov − 1

outside vehicles might match the first Nov − 1 nearest nodes, and each outside vehicle node

at least will match its N th
ov nearest node. Thus, we add the first Nov nearest nodes to set B’

which could guarantee the remaining nodes will not match the outside vehicles’ nodes in set

D.

Then, we define a set X consisting of nodes that definitely match nodes in set B in the

solution of MCMP. It is obtained by removing the set B’ from the set B as presented in Line

9. Each node will first match to the node, which is one copy of this node, in the solution of

MCMP. This is proved in Theorem 2. Thus, for each node in set X, if it has an even number

of copies, we remove all copies of this node, while if it has an odd number of copies, we keep

one copy of this node in X, as shown in Line 10-14.

Finally, the sets X and B’ are combined to be the new set B for constructing the auxiliary
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graph Gx and solving the MCMP to obtain the lower bound.

Theorem 2. Let X = {v11, v21, ..., v
d1
1 , ..., v1n, v

2
n, ..., v

dn
n } be a node set, in which the distance

between each two nodes in the subset {v1i , v2i , ..., v
di
i } is 0. Then, in the solution of MCMP

on the complete graph constructed based on X:

• If di is an even number, the pairs {(v1i , v2i ), ..., (v
di−1
i , vdii )} must be in the MCMP’s solution.

• If di is an odd number, the pairs {(v1i , v2i ), ..., (v
di−2
i , vdi−1

i )} must be in the MCMP’s solu-

tion.

Proof. For the case that di is an even number, if one pair (vpi , v
q1
j1) exists in the MCMP’s

solution, it must have another pair (vp+1
i , vq2j2) among the MCMP’s solution (suppose p is the

odd number). However, dis(vpi , v
q1
j1)+dis(vp+1

i , vq2j2) is greater than dis(vpi , v
p+1
i )+dis(vq1j1 , v

q2
j2)

due to the triangle inequality because dis(vpi , v
p+1
i ) = 0 so that they can be regarded as one

point. Therefore, the pairs {(vpi , v
p+1
i ), (vq1j1 , v

q2
j2)} must be better than {(vpi , v

q1
j1), (v

p+1
i , vq2j2)}.

This is shown with a demonstration in Figure 6.3. Therefore, the nodes in {v1i , v2i , ..., v
di
i }

must have the pairs {(v1i , v2i ), ..., (v
di−1
i , vdii )} in the MCMP’s solution.

For the case that di is an odd number, if we exclude one node, such as vdii , the number

of nodes in set {v1i , v2i , ..., v
di−1
i } becomes even, and it is the same as the above case, which

completes the proof.

6.4 Experimental Studies

In this section, the tightness of the lower bound was evaluated first on a set of DCARP in-

stances with known global optima. Then, we evaluated the optimization algorithm MAENS-

SBBA generated in Chapter 5 using the newly introduced approximate percentage deviation
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Figure 6.3: A demonstration of proof for Theorem 2.

based on NMLB on another set of more complex DCARP instances for which the global op-

tima are unknown. Besides, the efficiency of the proposed NMLB approach with the graph

pruning strategy is also evaluated on these test instances.

6.4.1 Experimental Settings

The DCARP instances used in our experiments are all generated based on a static CARP

benchmark instance using the designed DCARP simulation system in Section 2.3. Firstly,

to evaluate the tightness of the NMLB, a set of DCARP instances with known global optima

are required. However, the global optimum for most DCARP instances is hard to be derived.

Therefore, we employed the gdb [36] static CARP instances whose problem dimensionality are

relatively low, and their global optima have been established in the literature, and generated

a set of special DCARP instances whose global optima can be easily derived. For a static

CARP instance, we execute its global optimal solution in the simulation system. Then,

we stop vehicles in a random time point to generate a new DCARP instance and keep all
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traversing costs of edges in the map unchanged. The demands of all tasks also remain the

same. Thus, the service routes of the global optimal solution for the new DCARP instance

remain consistent with those originally optimized from the static CARP instance.

However, the above generated DCARP instances are considered relatively straightforward

for optimization algorithms studied in Chapter 3 and Chapter 5. Therefore, we calculated the

lower bound for all generated DCARP instances in Chapter 5 and evaluated the performance

of MAENS-SBBA based on the lower bound.

The proposed NMLB approach and the graph pruning strategy were both implemented

in Python using NetworkX library [42] in our experiments since the algorithm for solving

MCMP is available in the NetworkX library. The generated instances and the source code

of the proposed algorithms are available on Github2. The experimental results were obtained

using an Intel Core i7 3.5 GHz.

6.4.2 Tightness of the NMLB

The tightness of the proposed NMLB is evaluated on a set of DCARP instances with known

global optima based on the static CARP instances (gdb). To measure the tightness of this

lower bound, we introduce the “Gap” metric, represented as the disparity between the NMLB

and the global optimum and calculated using the following equation:

Gap =
OPT − LB

OPT
× 100% (6.5)

The computational results are summarized on the Table 6.1. It is clear that in most created

DCARP instances, the gap is zero. Only two created instances’ gap are greater than 10%,

2https://github.com/HawkTom/NMLB
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Table 6.1: The gap between the obtained lower bound and the global optimum, i.e., Gap
calcuated by Eq. 6.5, on DCARP instances created based on the gdb static dataset. Nn,
Nv and Nt denote the number of nodes, the number of required vehicles and the number of
tasks, respectively. NMLB and OPT represent the NMLB and the global optimal solution’s
total costs for the DCARP instance.

Map Nv Nn Nt NMLB OPT Gap(%)

gdb1 5 12 18 239 245 2.4
gdb2 6 12 22 299 299 0
gdb3 5 12 18 222 222 0
gdb4 4 11 12 183 196 6.6
gdb5 6 13 20 294 294 0
gdb6 5 12 16 206 209 1.4
gdb7 5 12 15 228 241 5.4
gdb8 10 27 38 235 287 18.1
gdb9 10 26 43 215 241 10.8
gdb10 4 12 18 203 203 0
gdb11 5 22 35 303 303 0
gdb12 7 13 18 329 359 8.4
gdb13 6 10 20 421 421 0
gdb14 5 7 17 78 78 0
gdb15 4 7 15 42 42 0
gdb16 5 8 18 88 88 0
gdb17 5 8 20 64 64 0
gdb18 5 9 31 147 147 0
gdb19 3 8 8 47 47 0
gdb20 4 11 16 94 94 0
gdb21 6 11 28 137 137 0
gdb22 8 11 30 143 143 0
gdb23 10 11 52 230 230 0

i.e., gdb8 and gdb9, and the gap of remaining instances are all smaller than 10%. Thus, we

can conclude that our proposed NMLB can obtain a notably tight lower bound in comparison

to the global optimal value on these small DCARP instances. To investigate the relation

between the tightness of the lower bound and various characteristics of the DCARP instance,

we presented the number of nodes in the corresponding required graph (Gr), the number of

tasks on the instance, the least number of required vehicles, and the Gap in the Figure 6.4.

We can observe from the figure that instances featuring more nodes in the required graph,

more number of tasks and more number of vehicles had in general comparatively larger gaps

between the NMLB and the global optimum.
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Figure 6.4: The demonstration of the relation between the tightness of the lower bound and
the characteristics of the DCARP instance. Points with bigger size indicate instances with
larger value of Gap.

6.4.3 Performance Measurement for the Optimization Algorithm

In our study, we proposed the virtual task and the solution building block strategy integrat-

ing them with the established MAENS [113] with virtual-task strategy. A comprehensive

performance comparison with other optimization algorithm has been provided in Chapters

3 and 5. In this study, we assessed its performance relative to the proposed lower bound on

all DCARP instances generated in Chapter 5.

On the basis of the proposed NMLB, we defined the following performance metric, termed

as Approximate Percentage Deviation as presented in the Equation (6.6), where the Best∗

is the best objective value obtained by the optimization algorithm.

APD =
Best∗ − LB

LB
∗ 100% (6.6)

146



6.4. Experimental Studies

We calculated the lower bound and the APD for all generated DCARP-OC and DCARP-

CT instances. Due to page limitations, we sorted all instances in ascending order based on

the APD value, and the computational results on 20 instances, selected at equal intervals,

are presented in Table 6.2, with the left part dedicated to DCARP-OC instances and the

right part for DCARP-CT instances. The Rank columns in the table represent the rank

of the instance among all DCARP instances for the corresponding type. For each instance,

we also provide the cost (Best∗) of the median optimal solution from 25 independent runs

and the derived NMLB in the table. The APD is calculated based on these two values

using Eq. (6.6). A box plot in Figure 6.5 visualizes the distribution of all APD values

for both DCARP-OC and DCARP-CT instances. It is evident that the APD for DCARP-

CT instances is marginally larger than that of DCARP-OC instances. From these two

tables, most DCARP-OC and DCARP-CT instances have an APD greater than 50%. This

implies that there exists potential for further optimization enhancement for our algorithm in

these DCARP instances. However, since we have no knowledge about the theoretical global

optimum, it is also possibly because of the large gap between lower bound and the theoretical

global optimum, particularly for those instances with smaller number of tasks which are

comparatively simpler to tackle. Conversely, it is certainly sure that our algorithms are

significantly effective for instances with a smaller APD, such as the first DCARP-OC and

DCARP-CT instances in the table.

6.4.4 Efficiency of the Graph Pruning Strategy

The computational time for the original NMLB approach (TO) and NMLB approach with

the graph pruning strategy (TP ) to calculate the lower bound are also presented in Tables

6.2. It is clear that the graph pruning strategy significantly reduces the computational time

for calculating the lower bound in almost all testing DCARP instances.
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In the proposed graph pruning strategy, we remove a subset of nodes in the constructed

auxiliary graph, which will definitely match its copies in the solution of MCMP. Thus, if a

vertex has more copies in the auxiliary graph, more vertices will be removed by the pruning

strategy. For each vertex in GR, the number of its copies in the auxiliary graph is equal to

its degree in GR. Since one vertex is likely to be pruned only if it has at least two copies in

the auxiliary graph, we calculated the number of vertices whose degrees are greater than 2

in GR of all DCARP instances. The results are presented in Figure 6.6, in which the time

difference is more or less linearly correlated with the number of vertices whose degrees are

greater than 2.

6.5 Summary

In this chapter, we mainly focus on measuring the performance of proposed meta-heuristic

algorithms relative to the global optimum. Since the theoretical global optimum of most

DCARP instances is not known, we derived a node matching lower bound (NMLB) as the

alternative to the unknown global optimum to assess the quality of solutions. As a result,

we used the derived lower bound to evaluate the performance of meta-heuristic algorithms

for DCARP.

To derive a tight lower bound for DCARP instances, we considered the required graph

which is a completed graph constructed by the depot and all nodes linking at least one task

in the original DCARP instance. Then, our proposed node matching lower bound (NMLB)

is based on the idea that the number of times a node can be assigned to link different tasks,

starting point, or the ending point of a route cannot exceed its degree in the required graph.

To handle the routes belonging to the outside vehicles, which either directly return to the

depot without serving any tasks or continue serving remaining tasks, we modeled the lower
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bound derivation problem as a minimum cost matching problem (MCMP). The solution to

the constructed MCMP is the case with minimum costs for adding the artificial links in the

required graph. In addition, to enhance the computational efficiency of our proposed NMLB,

we further proposed a pruning strategy.

The experimental studies evaluated the tightness of NMLB, i.e., the gap between obtained

lower bound and the global optimum, in some specifically designed DCARP instances. The

results demonstrate that the proposed NMLB provides a tight lower bound for small DCARP

instances in small DCARP instances. Then, we used the performance measurement metric,

i.e., APD, to evaluate the performance of our proposed dynamic optimization algorithm. The

large APD in these complex DCARP instances with more tasks suggest that our algorithm

may still have potential for further improvement on these DCARP instances. However, this

also could be attributed to the NMLB not being tight enough for these DCARP instances.

Given that the true optima for these instances are unknown, it is impossible to determine the

tightness of the NMLB for these specific problem instances. In addition, our experimental

studies also demonstrated that the NMLB approach benefits a lot from the pruning strategy

for DCARP instances with more vertices whose degrees are greater than 2 in the required

graph.

The performance of our algorithms was successfully evaluated from a theoretical perspec-

tive through the derived lower bound in this chapter. This addresses the RQ4: “How can we

derive a lower bound for evaluating the DCARP solution quality rather than relying solely

on comparison with baseline algorithms?”. However, the practical performance of our algo-

rithm in scenarios with real traffic conditions still remains unknown. Therefore, in the next

chapter, we will shift our performance evaluation toward applying our algorithms to DCARP

scenarios with real traffic conditions to answer RQ5: “How can we evaluate and how well

do our proposed DCARP algorithm perform in real-world scenarios in addition to artificial

benchmarks?”.
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Chapter Seven

Performance Evaluation with Real-world

Traffic Simulation

This chapter is based on following publication: Tong, Hao, Leandro L. Minku, Stefan Menzel, Bern-
hard Sendhoff, and Xin Yao. “Benchmarking dynamic capacitated arc routing algorithms using real-world
traffic simulation.” In 2022 IEEE Congress on Evolutionary Computation (CEC), pp. 1-8. IEEE, 2022.
https://doi.org/10.1109/cec55065.2022.9870399.
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7.1 Introduction

The proposed algorithms have been successfully evaluated in DCARP scenarios generated

though our designed simulation benchmarking system based on the static CARP instances

and adding dynamic features. However, such artificially designed benchmark for evaluating

DCARP optimization algorithms’ efficacy is likely to miss partial problem characteristics of

real-world applications, and it is unclear whether such artificial generators produce problem

instances that are similar to real world ones. In the literature, there is still no benchmarking

framework with real traffic conditions for DCARP so that it is therefore necessary to design

one using more realistic traffic simulations which are built on actual traffic data for evaluating

the efficacy of DCARP algorithms.

Simulation of Urban MObility (SUMO) is an open-source1, highly portable, and continuous

traffic simulation software [65]. There are three main parts in SUMO, including Network

building, Demand modeling and Simulation. The Networking building and Demand modeling

are defined by users, which provide the road networks and the simulated vehicles (vehicle

types, and vehicles’ routes), respectively. Then, the Simulation can simulate the traffic

conditions according to the provided network and traffic demands (i.e., vehicles). A traffic

control interface (TraCI)2 is provided by SUMO which gives access to retrieve values from

the simulated objects and manipulate their behavior online.

SUMO is able to simulate all traffic objects, such as vehicles and traffic lights, according

to the provided real road network and real traffic, which constructs a traffic environment

reflecting the real-world traffic. Thus, it is possible to use it to build a virtual environment

with real traffic conditions for DCARP. Since Traci in SUMO can directly obtain the online

data and control the simulated object in an online manner, it is possible to obtain the DCARP

1https://sumo.dlr.de/docs/index.html
2https://sumo.dlr.de/docs/TraCI.html
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instance from the simulation process and provide it to DCARP optimization algorithms for

an improved new schedule.

Therefore, this motivated us to design a benchmarking framework based on the SUMO

for DCARP which can be a standard simulation platform for evaluating DCARP algorithms

in real traffic conditions besides the artificial benchmarks once we have real road maps and

traffic data. We develop the first benchmarking framework in the literature being capable

of using real traffic scenarios based on the SUMO. The proposed benchmarking framework

builds a bridge between DCARP optimization algorithms and SUMO such that DCARP op-

timization algorithms can benefit from the real traffic environment simulation in SUMO and

be evaluated with real traffic data. This answers the RQ5: “How can we evaluate and how

well do our proposed DCARP algorithm perform in real-world scenarios in addition to arti-

ficial benchmarks?”. Dynamic changes in the real-world traffic environment are much more

complex and unpredictable, which are more realistic compared with our previous artificial

simulations. Therefore, the generated test DCARP scenarios with real traffic data contain

characteristics that might not be captured by artificially generated data so that researchers

can benefit from such insights and improve algorithms for the DCARP optimization.

Our contributions are as follows:

• We propose the first DCARP scenario benchmarking framework containing real traffic

data which can be used to evaluate the efficacy of algorithms in a real-world environ-

ment. The framework is able to integrate the solution produced by DCARP algorithms

into a transportation environment that simulates real traffic conditions.

• To demonstrate the generalization ability and flexibility of the proposed benchmarking

framework, we construct 12 different dynamic scenarios with real traffic data in the

designed simulation platform including different locations of depot, tasks and different

service times of a day. These dynamic scenarios can be used as a benchmark, containing
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the real traffic information in contrast to artificial datasets for evaluating DCARP

algorithms in the future.

• Based on the proposed simulation platform, we applied the proposed DCARP opti-

mization algorithm to both SUMO-based DCARP-OC and DCARP-CT scenarios. The

results helped to strengthen that the DCARP optimization is necessary for increasing

the service efficiency. Moreover, we also compared different DCARP optimization algo-

rithms using this framework, and experimental results demonstrated that our proposed

algorithms perform better than existing optimization algorithms in DCARP scenarios

with real traffic conditions.

• Based on the DCARP scenarios with real traffic conditions, we conducted further

analysis from much more practical perspectives which is not suitable with artificial

benchmarks. We focused on the algorithmic stability over runs, the changes in vehicle

paths and the variations of vehicles working times after applying with our proposed

dynamic optimization algorithm. The empirical findings show that proposed algorithm

is highly stable for solving DCARP instances and can maintain a balanced vehicle

workload. However, our algorithm is likely to cause significant changes to the vehicle

paths, especially in DCARP-CT scenarios.

The remainder of this chapter is organized as follows. Section 7.2 introduces the pro-

posed benchmarking framework with online optimization in detail. Section 7.3 presents the

constructed scenarios based on the designed platform and the results of using DCARP al-

gorithms in all generated dynamic scenarios. Finally, Section 7.4 presents the summaries of

this chapter.
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Figure 7.1: The structure of SUMO-based benchmarking framework. Our main contribution
is the “Controller ” part.

7.2 SUMO-based Benchmarking Framework

SUMO can retrieve the real road network and the online traffic data and provide information

to (D)CARP optimization algorithms for high-quality executable solutions. The solutions

obtained by optimization algorithms are required to be assigned and updated to the trans-

portation environment in SUMO. Therefore, we proposed a SUMO-based benchmarking

framework comprising SUMO, optimization algorithms, and the intermediate component

linking the SUMO and (D)CARP optimization algorithms. The structure of the proposed

SUMO-based benchmarking framework is presented in Figure 7.1.

Three different components form the framework. First, the data of the real environment

for the simulation is required to be provided to SUMO, such as the road map and real

traffic data. Then, the middle component, named as “Controller ” in Figure 7.1, is the core

component of this platform that transmits information between SUMO and the optimization

algorithms. The final part of this benchmarking framework is the optimizer. The initial
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optimizer can be any suitable practical static CARP optimization algorithm for optimizing

the initial solution for the static CARP instance. The DCARP optimizer is the algorithm

whose performance is required to be evaluated by the platform. The three components are

independent of each other. The communication between SUMO and the controller is based

on TraCI, and between the controller and the optimizers is currently based on shared files.

It is worthy to mention the communication based on shared files is not ideal especially when

the optimizer takes a long time to solve DCARP, as the controller would have to wait for the

new schedule for a long time instead of deciding an acceptable solution on its own during

the optimization. Therefore, it is valuable to employ message queue as the communication

method in the future to make it more flexible.

The intermediate component Controller is the main component for driving the entire

system. It mainly consists of three modules including Initialization Module, Cost-Detection

Module, and Re-schedule Module:

• Initialization Module The initialization module is first activated before the start of the

simulation. It is mainly responsible for requesting the map’s road network after SUMO

successfully loads the map, and then providing the network information to a predefined

static CARP optimization algorithm. The algorithm feedbacks an initial solution to the

initialization module. Then, the module activates the simulation process in SUMO with

starting the initial vehicles and setting their service paths according to the solution.

• Cost-Detection Module After initial vehicles are assigned to serve tasks, and the simu-

lation process starts running, the cost-detection module activates. A selection of dynamic

events are likely to occur during the vehicles’ service process, potentially affecting the

cost of the current service plan. Therefore, the cost-detection module is used to collect

the costs of the roads online during the simulation. Then, the cost-detection module

calculates the total costs of the current service plan, which are transmitted to the next re-

scheduling module to determine whether the dynamic events are too severe and deteriorate
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the current service plan a lot.

• Re-scheduling Module The re-scheduling module is activated if the difference between

the current cost provided by the cost-detection module and the last recorded cost exceeds

a pre-defined threshold, such as 10% increment. This indicates that some dynamic events

have happened and have severely deteriorated the current service plan. The re-scheduling

module requests the necessary state information from SUMO, including the current road

map, the cost of each road, the positions of in-service vehicles, the remaining capacities

of in-service vehicles and the remaining tasks, to construct a new DCARP instance. The

module then passes the new DCARP instance to the DCARP optimization algorithm for

an updated service plan. Finally, this module updates the paths of the vehicles or assign

new vehicles in SUMO based on the new schedule obtained from the DCARP optimizer

to continue serving the remaining tasks.

The controller continues to run the cost-detection module until the re-scheduling process

is activated again. The whole process terminates after all tasks have been served and all

vehicles return to the depot.

As the traffic data provided to SUMO only contains the traffic conditions, the tasks of

CARP need to be defined and constructed by ourselves. For simplicity, in our benchmarking

framework, the initial tasks are required to be defined in a separate file which is then provided

to the initial optimizer for an initial solution. The simulation for the new tasks event is

embedded in the re-scheduling module. For simplicity, in this version, we added some new

tasks into the simulated DCARP scenario to simulate the new-task events in the real world,

once the re-scheduling module is activated. In the future, we will update our simulator so

that it could enable adding new tasks separately from the increase in traffic events. The

source code of the proposed benchmarking framework is available in Github3.

3https://github.com/HawkTom/DCARP-SUMO-Simulation
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7.3 Experimental Studies

In this section, in order to demonstrate the generalization ability and flexibility of our pro-

posed benchmarking framework, we generate a series of DCARP scenarios using it based on

real open-source traffic data. Then, the proposed DCARP optimization algorithms are eval-

uated in all generated scenarios. The efficacy of proposed optimization DCARP algorithms

was first evaluated in SUMO-based DCARP scenarios. Subsequently, we compared different

optimization algorithms within these SUMO-based DCARP scenarios to investigate if the

performance aligns with that concluded in artificially designed benchmark. This enables us

to check whether the artificial benchmark is sufficient to evaluate the performance of DCARP

algorithms. Finally, we analyzed the algorithm from a more practical angle by checking the

stability of its performance across different runs, how much changes it causes to the vehi-

cle paths, and how much variations in vehicle working times it introduces in SUMO-based

DCARP scenarios under real-traffic conditions.

7.3.1 Experimental Setup

The actual traffic data is the source of our DCARP simulation. In our experiment, we use a

set of open-source 24-hour traffic data from Dublin4. The traffic data comes from the Dublin

SCATS dataset5, which consists of vehicle counts at every 6 minutes at 480 locations in the

city center [40]. The road network of Dublin city is presented in Figure 7.2a, which has 6633

edges and 2895 nodes in total. We divide the whole map into five different areas including

both city center and suburb areas for generating different DCARP scenarios according to

the road’s distribution, as shown in Figure 7.2b.

Based on the above road network, we generated 12 different initial CARP scenarios with
4https://github.com/maxime-gueriau/ITSC2020_CAV_impact/tree/master/Urban/Simulations/Base
5https://data.gov.ie/dataset/traffic-volumes
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(b) Area segmentation of Dublin.

Figure 7.2: Information about road network of Dublin.

different settings for the location of the depots, the distribution of tasks and service starting

time. The settings for each factor are as follows:

• Location of depots: busy area, uncrowded area.

• Distribution of tasks: whole city, busy area, uncrowded area.

• Service starting time: off-peak hours, near-peak hours.

To determine the busy degree of each area in Figure 7.2b and the peak/off-peak hours in

provided traffic data, we define the “crowded degree (α)” for each road and the “busy degree

(β)” for an area, as formulated by Eq. (7.1) and Eq. (7.2):

αi = 1− v̄i
vmax
i

(7.1)

β =

∑Nroads

i=1 I(αi > 0.5)

Nroads

(7.2)

where v̄i and vmax
i represent the average speed in the last 60 seconds and the limited maxi-

mum speed of one road i, respectively, Nroads denotes the total number of roads in an area

and I(·) is the indicator function. Therefore, we calculated the crowded degree of each road
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in the whole network for every 60 seconds. Then, the busy degree of each area of Figure 7.2b

can be estimated by Eq. (7.2). The dynamic busy degree of each area for every 60 seconds

is presented in Figure 7.3.

0 200 400 600 800 1000 1200 1400
Time/min

0.0

0.2

0.4

0.6

0.8

1.0

Bu
sy

 d
eg

re
e

Area1
Area2
Area3
Area4
Area5

Start Time Point 2

Start Time Point 1

Figure 7.3: The dynamic busy degree of each area for every 60 seconds.

According to Figure 7.3, Area 1 and Area 3 are determined as the uncrowded areas, and

the remaining three areas are regarded as busy areas (Figure 7.4). Therefore, we can select

depots and tasks in these divided areas. In Figure 7.4, we marked two points as locations of

the depot in our DCARP scenarios, where one is in the uncrowded area, and another is in

the busy area. The peak and off-peak hours can also be obtained from Figure 7.3, in which a

small busy degree indicates the off-peak hours. Therefore, we select two time-points, i.e., 540

and 720, to be the starting time of the simulation, as pointed in Figure 7.3. Both starting

time points belong to the off-peak hours because the service in the real-world application is

usually provided in off-peak time. Nevertheless, the service can last until the peak hours, so

we select a starting time point from which the vehicles are likely to meet peak hours, i.e.,

near-peak hours.
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Figure 7.4: The distribution of busy area and uncrowded area. The two positions of the
depot.

Besides, it is also important to determine the tasks and the service cost. As the whole

map has been divided into busy and uncrowded areas, we randomly selected 200 tasks from

one or multiple designated areas for each DCARP scenario. A screenshot of a DCARP

scenario simulation is presented in Figure 7.5 for the scenario with a depot in the busy area,

tasks distributed in the whole city and service starting from the off-peak time, containing

all cars and vehicles defined in the traffic data. However, only all unserved tasks and in-

service vehicles are highlighted. In the simulated traffic environment, the traffic congestion

highly influences the service time. Therefore, the total time for completing all remaining

tasks from the current time is defined as the cost in our DCARP scenarios, calculated by

the cost-detection module every 30 seconds during the whole service process. Then, the

re-scheduling module activates if the current estimated total cost is 10% more than the

last recorded cost. In our experiments, we generated both DCARP-OC and DCARP-CT

scenarios to evaluate and compare optimization algorithms. The dynamic events related to
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Figure 7.5: One screenshot of DCARP scenario simulation in SUMO-based benchmarking
framework in our experiment. It contains all cars and vehicles defined in the Dublin real
traffic data, but only all unserved tasks (in blue) and in-service vehicles (in red) are high-
lighted.

cost changes are determined by the traffic data itself without modifications. Additionally, to

simulate newly added tasks when generating DCARP-CT scenarios, we randomly select 10

arcs which are not pre-defined tasks within the same area as initial tasks to be new tasks and

add them into the simulation once the re-schedule module activates. All generated scenarios

are available in Github6.

7.3.2 Efficacy of Algorithms in SUMO-based DCARP Scenarios

The DCARP optimization algorithms target to reduce the total cost of serving tasks in

the scenario with dynamic events. In this subsection, we applied the constructed DCARP

algorithm, i.e., MAENS-SBBA from Chapter 5, to the 12 different DCARP-CT scenarios

to investigate the influence of the dynamic optimization on DCARP scenarios such that an
6https://github.com/HawkTom/DCARP-SUMO-Simulation
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insight can be obtained as to why and when DCARP optimization algorithm works well.

The termination condition for MAENS-SBBA in each round of optimization is 1 minute, to

satisfy the requirement of a quick response in the real scenario.

In all different generated DCARP-CT scenarios, we recorded the total used time for ve-

hicles to complete all tasks and return to the depot, i.e., the total cost in our scenarios.

The obtained results are presented in Table 7.1, in which there are 12 scenarios in total

with different settings of starting time, depot location, and distribution of tasks. The num-

ber of instances in each DCARP scenario is presented in column NI. These instances were

produced as a result of the dynamic events that were severe enough to cause the reschedul-

ing module to activate. TDO and TWDO denote the total time used after using dynamic

optimization and without dynamic optimization, respectively. We also calculated the time

difference between using and not using dynamic optimization in column TDiff as calculated

by Eq. (7.3):

TDiff =
TWDO − TDO

TWDO

× 100% (7.3)

The time difference between using dynamic optimization and without dynamic optimiza-

tion reflects the effectiveness of dynamic optimization algorithms. A big time difference

indicates that the corresponding DCARP scenario is highly affected by the dynamic events,

and such scenarios can significantly benefit from dynamic optimization algorithms. As pre-

sented in Table 7.1, scenarios with tasks distributed in the busy area of the city have the

larger time difference compared with scenarios with tasks distributed in uncrowded area or

the whole city. It is because the busy area is easy to have traffic jam leading to vehicle delays

due to road congestion. When tasks are distributed over the whole city, the time difference

is also very large. Interestingly, the starting service time has no significant influence on the

time difference in our experiments, as shown in Table 7.1, which contrasts with our intuitive

conjecture that the service starting from an off-peak time point will be more marginally
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influenced by traffic congestion. Both observations can be attributed to the introduction of

new tasks into scenarios which has a significant impact on the total service time. If new

tasks appear in the peak time and are far away from the depot, vehicles are likely to be

affected by the coming traffic jams in the peak hours when serving these new tasks, leading

to a long time to serve all tasks. Finally, the influence of depot location highly depends

on the starting time because the traffic difference between busy areas and uncrowded areas

in off-peak hours is smaller than that of peak hours. Therefore, we can conclude that the

scenarios with tasks distributed in a large area, including both busy and uncrowded areas,

have a greater need for dynamic optimization, and the total cost can be greatly saved.

(a) Route 1 (b) Route 2

(c) Route 3 (d) Route 4

Figure 7.6: An example of one vehicle’s route’s updates in the scenario 1 of Table 7.1.

Besides, we also present an example of one vehicle’s route’s updates by dynamic optimiza-
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tion in a DCARP scenario in Figure 7.6. Route 1 is its initial route, and three updates are

applied to this vehicle. After the simulation begins, this vehicle starts its service according

to its initially assigned route. However, the cost-detection module detects that the current

service plan is affected by dynamic events, so that the re-schedule module activates. As a

result, this vehicle is assigned with a new service path to save the total cost.

7.3.3 Comparing Algorithms with SUMO-based DCARP Instances

The effectiveness of using DCARP optimization algorithm has been evaluated in the DCARP

scenarios with real traffic conditions in the previous subsection. Now, we regenerate a series

of DCARP-OC and DCARP-CT scenarios based on 12 initial CARP scenarios for compar-

ing different DCARP optimization algorithms under real traffic conditions. Similar to the

experiments in Section 5.3, we evaluated the quality of initial solutions generated by SBBA,

PS and GRD strategies, and final solutions using MAENS-SBBA and MAENS-GRD algo-

rithms. Additionally, we also compared our optimization algorithms with a state-of-the-art

optimization algorithm which was specifically designed for DCARP scenarios with general

dynamic events, i.e., memetic algorithm with a new distance-based split scheme (MASDC)

[60].

The comparative results in SUMO-based DCARP-OC and DCARP-CT scenarios are de-

tailed in Table 7.2 and Table 7.3, respectively. The columns under “Strategies Comparison”

present the costs of the best solution generated by the SBBA, PS and GRD strategies. The

columns under “Algorithms Comparison” present the costs of the optimal solution found by

MAENS-SBBA, MAENS-GRD and MASDC algorithms. Each cell specifies the “MEAN ±

STD” of the best solutions obtained over 25 runs for each algorithm and the best result(s)

based on statistical tests are highlighted. In both tables, the scenarios 6 and 12 are omitted

because no dynamic event affects the service of vehicles in these two scenarios according to
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Table 7.2: Results of generated solutions’ quality for SBBA, PS and GRD strategies, and
results of the best solutions obtained by MAENS-SBBA, MAENS-GRD and MASDC al-
gorithms on SUMO-based DCARP-OC scenarios. For the strategy comparison, the results
represent the total costs of the best solution produced by each strategy, with the best result
highlighted. The algorithm comparison results present the “MEAN ± STD” of the best so-
lutions acquired over 25 runs for each algorithm and the best result(s) under statistical tests
are highlighted.

Scn Index Ins Index
Strategies Comparison Algorithms Comparison

SBBA PS GRD MAENS-SBBA MAENS-GRD MASDC

1

1 21492 25204 25204 21179±73 21314±96 48753±1013
2 19061 21595 21309 18790±33 18866±36 39303±1106
3 4811 5342 5046 4811±0 4811±0 6065±0
4 2580 2580 2580 2580±0 2580±0 3815±0

2 1 17146 18455 18336 16514±53 16517±63 34722±895
2 10781 11938 11556 10734±0 10734±0 16838±323

3 1 22412 25495 25495 21734±50 21791±73 46046±837
2 16511 17912 17859 16453±0 16453±0 24630±327

4

1 21227 24559 24559 20652±94 20669±96 47077±1119
2 19198 23091 22891 18972±60 19159±106 41502±1064
3 4094 4274 4274 4094±0 4094±0 5777±0
4 1655 1655 1655 1655±0 1655±0 1655±0

5

1 20459 23282 23282 19970±91 20065±136 44326±770
2 16808 19152 18708 16529±18 16617±46 30694±602
3 14357 15935 15614 14301±5 14303±5 23117±372
4 9308 9698 9682 9218±0 9218±0 13133±258

7 1 17668 20632 20316 17429±14 17478±39 34756±631
2 12129 13104 13007 12095±0 12095±0 17900±312

8
1 14299 15724 15722 13816±24 13861±42 26564±530
2 8455 10056 9758 8410±0 8410±0 11316±285
3 5711 6550 5970 5711±0 5711±0 5969±0

9 1 19819 21501 21460 19284±29 19275±25 35514±803
2 15202 16856 16452 15174±0 15174±0 22180±326

10

1 16655 18885 18275 16199±16 16198±23 29850±550
2 12367 14437 13767 12348±0 12348±0 18590±380
3 3304 3758 3758 3304±0 3304±0 4514±0
4 2537 2868 2868 2537±0 2537±0 3110±0
5 1051 1051 1051 1051±0 1051±0 1051±0

11 1 19078 21374 21067 18766±42 18779±75 37503±781
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Table 7.3: Results of generated solutions’ quality for SBBA, PS and GRD strategies, and
results of the best solutions obtained by MAENS-SBBA, MAENS-GRD and MASDC al-
gorithms on SUMO-based DCARP-CT scenarios. For the strategy comparison, the results
represent the total costs of the best solution produced by each strategy, with the best result
highlighted. The algorithm comparison results present the “MEAN ± STD” of the best so-
lutions acquired over 25 runs for each algorithm and the best result(s) under statistical tests
are highlighted.

Scn Index Ins Index
Strategies Comparison Algorithms Comparison

SBBA PS GRD MAENS-SBBA MAENS-GRD MASDC

1

1 27232 26178 28506 22376±90 22470±126 51487±922
2 10412 11390 10896 9703±0 9703±0 11134±163
3 6473 6327 6321 5266±0 5266±0 6528±56
4 5698 6308 6308 5311±1 5311±1 6114±159

2

1 19699 19918 19392 17127±107 17077±63 37569±716
2 15542 16861 16740 14523±27 14530±41 27161±624
3 14017 15223 14991 12741±26 12733±26 21282±360
4 10161 10827 10898 9370±0 9370±0 13638±286

3

1 26669 26457 27760 22318±80 22303±80 47994±801
2 20865 22702 22183 18905±13 18947±39 32743±491
3 6579 6579 6579 5750±0 5750±0 8309±0
4 4707 4681 4889 4198±0 4198±0 4469±61

4
1 22617 24818 26243 21465±83 21438±136 50597±1020
2 19383 22346 23181 18862±43 18989±73 40144±817
3 17578 18574 18309 16078±11 16090±16 29337±573

5

1 22738 24169 26871 20786±95 20922±118 47459±1047
2 4943 5257 5296 4261±0 4261±0 4897±6
3 4590 5137 5021 4067±0 4067±0 4200±90
4 5906 5195 6020 4731±6 4730±0 5191±61

7

1 19859 21583 20803 18429±43 18406±35 37953±714
2 16185 17449 16374 14015±17 14066±45 23799±543
3 3673 3841 3841 3403±0 3403±0 3427±36
4 4485 4140 4341 3768±0 3768±0 3862±88

8

1 16958 17075 17563 14779±35 14777±35 29329±610
2 7252 9428 8556 7075±0 7075±0 8402±124
3 4001 3970 3943 3616±0 3616±0 3644±68
4 5184 5372 5451 4593±0 4593±0 5038±135

9

1 22118 23856 23322 20638±43 20600±32 38674±531
2 4390 5086 5778 4144±0 4144±0 5663±29
3 6016 5789 6042 4926±7 4929±7 5109±75
4 6148 6434 6440 5217±0 5217±0 5946±163

10

1 18922 21258 20429 17775±51 17779±61 33453±629
2 15607 17279 17067 14446±44 14473±40 23804±406
3 9704 11538 10457 9191±4 9193±8 12704±273
4 5418 5980 5546 4898±0 4899±5 5166±106

11 1 20935 23142 22731 19881±71 19958±77 40733±737
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our settings, which is also consistent with the results presented in Table 7.1.

From the presented results in two tables, it is evident that the SBBA strategy consistently

outperforms the other two strategies in both DCARP-OC and DCARP-CT instances, with

a few exceptions in few DCARP-CT instances. This indicates that our proposed strategy is

also effective in DCARP instances with real traffic conditions. This conclusion aligns with

the experimental analysis conducted on artificial benchmarks as presented in Chapter 5.

Furthermore, when integrating the SBBA strategy into MAENS and comparing the opti-

mization capabilities of MAENS-SBBA with MAENS-GRD and MASDC, the experimental

results in these two tables showed that MAENS-SBBA and MAENS-GRD exhibit compara-

ble performance and both of them outperform MASDC in both DCARP-OC and DCARP-CT

instances in terms of total costs of the optimal solutions. It indicates that SBBA strategy

does not notably enhance the optimization efficacy of MAENS for DCARP instances with

real traffic conditions. It is mainly because the number of tasks in our DCARP instances

is small, making them easier to solve. The meta-heuristic algorithm, which plays a more

significant role than the solution construction strategy in solving DCARP, has been sufficient

for these easier DCARP instances. Additionally, we also illustrated convergence curves of

MAENS-SBBA and MAENS-GRD in a DCARP-OC and DCARP-CT scenario as shown

in Figure 7.7. It is clear that the SBBA is able to obtain better solution quality under a

more constrained optimization time and promotes the convergence speed of the optimization

algorithm in both DCARP-OC and DCARP-CT scenarios. These conclusions are also con-

sistent with the findings on artificial benchmarks in Chapter 5. Specifically, MAENS-SBBA

presents a similar performance to MAENS-GRD on a few DCARP-OC scenarios and most

DCARP-CT scenarios of EGL-S, which has a similar number of tasks compared with the

generated DCARP instances in this experiment.

Therefore, we can conclude that the SBBA strategy demonstrates superior performance
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(a) (b)

Figure 7.7: The convergence curves of MAENS-SBBA (blue lines) and MAENS-GRD (orange
lines) algorithms in the first DCARP-OC and DCARP-CT scenarios. The results have been
normalized according to Eq. (5.3), where TCmin and TCmax are the minimal and maximum
total costs obtained during the optimization process.

for generating better initial solutions and promoting the convergence speed in both artificial

benchmarks and testing scenarios with real traffic conditions. This suggests that the artificial

benchmark can well evaluate the performance of the optimization algorithm and is sufficient

for performance evaluation in the future. However, the magnitude and frequency of dynamic

changes in real-world scenarios are much more complex and unpredictable. Consequently, the

effectiveness of the entire service might deteriorate in real-world scenarios, as our algorithm

lacks the ability of predicting the future events, which was demonstrated in the following

subsections.

7.3.4 Further Practical Performance Analysis

In this section, we will now use the SUMO-based DCARP scenarios, which incorporate real

traffic conditions, to investigate the performance of optimization algorithms from much more

practical angles related to real-world applications.
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7.3.4.1 Algorithmic Stability over Runs

In practice, besides the quality of obtained solutions, the stability of an algorithm is also

very essential. Such stability reveals the difference of obtained solutions across different

runs. If the performance of an algorithm is unstable across different runs, the algorithm is

likely to yield inferior solutions with a single optimization effort. Thus, it is not suitable for

a few real-world applications, such as dynamic problems which requires the quick response

in practical situations. Consequently, we assessed the stability of our proposed algorithms

across multiple runs in SUMO-based DCARP scenarios to determine if it is suitable for

real-world applications.

In our study, each algorithm was executed with 25 independent runs for every DCARP

instance and all resulting standard deviations are presented in Table 7.2 and Table 7.3.

From the experimental results in these two tables, it is evident that both MAENS-SBBA

and MAENS-GRD exhibit small standard deviations in relation to the total costs in both

DCARP-OC and DCARP-CT scenarios. This indicates that these optimization algorithms

are stable for solving DCARP instances, making them suitable for practical applications

considering the algorithmic robustness. Additionally, for each DCARP scenario, the first

DCARP instance which has the most number of tasks typically has the largest standard

deviation compared to the remaining DCARP instances within the same DCARP scenario.

This suggests that the algorithm is much more stable for DCARP instances with smaller

number of tasks which are inherently easier to solve.

7.3.4.2 Changes in Vehicle Paths after Dynamic Optimization

The changes of vehicle paths are also crucial considerations in practical applications. Typi-

cally, modifications to service routes are likely to incur additional costs in real-world scenar-
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ios. Besides, in practice, drivers are often assigned the service routes with which they are

much more familiar, and significant alterations could deteriorate the efficacy of the service

because drivers may be unfamiliar with the newly assigned service routes. Therefore, both

decision makers and drivers prefer to minimize changes to the current service routes when

a range of comparable solutions are available. In light of this, we investigate the changes in

vehicle paths for solutions generated by our algorithm.

DCARP-OC DCARP-CT
Dynamic Scenarios

0.2

0.4

0.6

0.8

1.0

Si
m

Figure 7.8: The similarity (Sim calculated by Eq. 5.5) between solutions before and after
dynamic optimization for DCARP-OC and DCARP-CT instances.

The similarity between executed solutions before and after dynamic optimization is com-

puted according to Eq. 5.5, where #TotalLinks represents the total links in the solution

after dynamic optimization and #SameLinks represents the number of links inherited from

the solutions before dynamic optimization. We calculated the similarity for all DCARP-OC

instances and DCARP-CT instances in our experiment, with the results presented in Fig-

ure 7.8. The figure illustrates that most similarities for DCARP-OC instances are greater

than 0.7, even though this criterion was never considered during the optimization process.

Conversely, most similarities for DCARP-CT instances are smaller than 0.5. It is mainly be-
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cause the deletion of existing tasks and insertion of new tasks cause most links in the former

solution to break. Therefore, we can conclude that changes in vehicle paths for DCARP-OC

scenarios are fewer than those in DCARP-CT scenarios. This observation suggests that if

a practical application requires minimal shifts in vehicle paths, then new algorithms could

be proposed to consider the modifications to vehicle paths during the optimization phase,

particularly for DCARP-CT scenarios.

7.3.4.3 Vehicle Working Time Variations after Dynamic Optimization

Vehicle working time is also an important aspect in practical applications which considers

the fairness of workloads for different vehicles. If each service route is assigned to a specific

driver, significant disparities in working hours among them could lead to perceptions of

unfairness. Therefore, ensuring uniformity in working hours for each vehicle is important in

real-world applications. In DCARP scenarios, the dynamic optimization could potentially

result in more tasks for some vehicles, thereby extending their working hours. In light of

this, we explore the working time of all vehicles after using dynamic optimization in our

DCARP simulation with real traffic conditions.

For each DCARP scenario, assuming each route is assigned to a distinct vehicle, we calcu-

lated the working time of each vehicle, from the moment they start at the depot until their

return. The accumulated working time for all vehicles in all DCARP scenarios are presented

in Figure 7.9. Analyzing the figures, it’s evident that the variation of working times in all

DCARP scenarios are relatively small compared to the mean working time, indicating the

workloads for most vehicles are reasonably balanced. However, there are outliers in nearly

all DCARP scenarios indicating that a few vehicles will spend a very long time to complete

their service before returning to the depot. This is because vehicles are likely to get ensnared

in the traffic jam, leading to a very long time returning to the depot, which is observed from
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Figure 7.9: The vehicles’ total working time in all DCARP scenarios after using dynamic
optimization.

our simulation. Nevertheless, this is unavoidable since the new tasks might emerge either

far away from the depot or during peak traffic hours, which increase the likelihood of vehi-

cles affected by traffic jams, resulting a very long working hours. Notably, the figures also

illustrated that DCARP-CT scenarios exhibit larger variation and more outliers which are

also attributed to the introduction of new tasks. Consequently, we can conclude that in

general our algorithm does not introduce significant unfairness regarding the working hours

of various vehicles. The only cases where there were large differences in the working hours

were unavoidable outliers due to traffic jam which are observed from our simulation in the

SUMO. If the uniformity in working hours is necessary in real-world applications, it would

be worth considering this fairness criterion during optimization.

7.4 Summary

In this chapter, we designed a dynamic CARP benchmarking framework based on a traffic

simulation software, i.e., SUMO, providing a more realistic environment to evaluate DCARP
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optimization algorithms. The core component in this platform is a Controller linking the

SUMO and (D)CARP optimization algorithms. The actual traffic data is fed to the SUMO

for transportation simulation. The Controller retrieves the traffic data from SUMO to

construct a DCARP instance which is then transmitted to a dynamic optimization algorithm,

and it is also responsible for updating the current service plan according to the optimization

result.

Based on such benchmarking framework, we constructed different DCARP scenarios with

the road network and the traffic data from the real transportation environment. In this

chapter, we embedded a set of real 24-hour traffic data of Dublin city into our benchmarking

framework and provided 12 different DCARP scenarios according to the different settings of

the service starting time, depot location, and tasks’ distribution. Therefore, the efficacy of

DCARP optimization algorithm also can be evaluated in our benchmarking framework on

different DCARP scenarios. We evaluated our previously proposed DCARP optimization al-

gorithm, i.e., MAENS-SBBA, in all constructed scenarios in our experiment. The empirical

results demonstrated that our algorithm is very effective on DCARP scenarios with the real

traffic data for reducing the total service cost, especially on scenarios with tasks distributed

in a large area, including busy and uncrowded areas. The experiments on the benchmark-

ing framework also demonstrated the necessity of using dynamic optimization for DCARP

scenarios.

Since the platform is able to simulate a complete service until all tasks are served, the

benchmarking framework can also facilitate DCARP optimization algorithm comparisons

and help to analyze the characteristics of different algorithms by comparing them on DCARP

instances with different features. In our experiment, we compared the SBBA strategy and the

MAENS-SBBA algorithm with other optimization strategies and algorithms on our platform.

The observations from experiments on DCARP scenarios with real traffic conditions align

with the conclusions drawn from studies on artificial benchmarks in Chapter 5. This suggests
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that artificial benchmarks can well reflect the real-world benchmarks and are sufficient for

evaluating the performance of optimization algorithms for DCARP in terms of the total costs

of obtained solutions and the convergence speed.

In addition, based on real traffic conditions, we investigated deeper into the experimental

results from three more practical perspectives. Firstly, the algorithmic robustness over differ-

ent runs was studied, and the results demonstrate that our algorithm is significantly stable

for solving DCARP instances. However, its stability slightly deteriorates as the problem

instances become harder to solve. Secondly, the change of vehicle paths after dynamic opti-

mization was investigated since practical applications probably prefer solutions with minimal

modifications. Our studies showed that, after using our dynamic optimization algorithm, the

changes in DCARP-CT scenario were more severe than those in the DCARP-OC scenarios.

Finally, we focused on the variations of vehicle working time. The experimental results

showed that our algorithm did not introduce significant unfairness into working time except

few outliers which experience long working hours due to unavoidable traffic jam encountered

when returning to the depot, and newly added unforeseen tasks, especially those coinciding

with peak traffic hours, extended the working time for few vehicles, which is unavoidable in

practice.

The proposed SUMO-based DCARP benchmarking system in this chapter has successfully

addressed the RQ5: “How can we evaluate and how well do our proposed DCARP algorithm

perform in real-world scenarios in addition to artificial benchmarks?”. Consequently, we

have evaluated our algorithms from three distinct perspectives: comparison with baseline

algorithms in artificially designed benchmarks, investigation of the approximate performance

deviation relative to the lower bound in Chapter 6, and practical performance in scenarios

with real-traffic conditions in this chapter. The combination of performance evaluation

from these three different perspectives provides us a more comprehensive assessment of our

algorithms’ performance. Even though our algorithm significantly outperformed the state-
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of-the-art optimization algorithm and also performed well in practical applications under

real-traffic conditions, there is still room for enhancement in most problem instances in

terms of the derived lower bound.
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Chapter Eight

Conclusions and Outlook

In this chapter, we first provide a comprehensive summary of the conclusions for all contri-

butions in this thesis. Subsequently, the potential works are outlined for future research on

DCARP.

8.1 Conclusions

Capacitated Arc Routing Problem (CARP) is a well-known challenging combinatorial op-

timization problem aiming at assigning a fleet of vehicles with limited capacities starting

from a depot to serve a set of edges with demands in a graph. Due to unexpected dynamic

events, such as changes in traffic conditions or service demands while vehicles are in their

service, i.e., partially executing the solution, the current solution may become suboptimal or

even infeasible and require an adjustment towards a better solution. When dynamic events

occur, the combination of the remaining tasks, updated map information, and the status of

all vehicles currently in service creates a new problem instance. Dynamic CARP (DCARP),

as the main focus of this thesis, aims at optimizing this newly generated problem instance

(DCARP instance) to adapt the solutions and ensure efficient service continuity. However,
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the existing literature lacks work about the DCARP optimization. In light of this, in this

thesis, we investigated the DCARP from multiple perspectives and proposed several effective

strategies for efficient DCARP optimization.

Firstly, we provided a mathematical formulation for the studied DCARP including both

the optimization objective and the constraints. In DCARP optimization, it is imperative

to account for vehicles which are in service and located at different points with various

remaining capacities. Due to this, existing benchmarks and algorithms for the static CARP

are not applicable to DCARP optimization.

Therefore, followed by the mathematical formulation of the DCARP optimization in Chap-

ter 2, we introduced a novel simulation system tailored for DCARP benchmarking. The pro-

posed simulation system can generate DCARP instances through executing CARP solutions

and simulating the emergence of various dynamic events, which offers an innovative research

platform for subsequent DCARP studies.

Even though the existing optimization algorithms designed for static CARP are not di-

rectly applicable to DCARP, the solution representation and search operators for the static

CARP can be adapted to the DCARP context. Hence, we proposed a virtual task-based

novel generalized framework in Chapter 3 which can leverage all existing optimization algo-

rithms for static CARP to address DCARP instances. This addresses RQ1: “How can we

benefit from the powerful algorithms existing for CARP in order to better solve DCARP?’.

Our virtual task strategy “virtually” treats all outside vehicles as if they were located at

the depot with full capacities. It then constructs virtual tasks between stop locations and

the depot to represent these outside vehicles during the optimization. We integrated sev-

eral meta-heuristic algorithms into the proposed framework and evaluated them using a

series of DCARP benchmarks. The experimental studies showed that newly generated algo-

rithms perform significantly better than the state-of-the-art algorithms specifically designed

182



8.1. Conclusions

for DCARP optimization. With the support of our framework, a powerful optimization al-

gorithm for static CARP, namely memetic algorithm with extended neighborhood search

(MAENS), emerged as the state-of-the-art algorithm for DCARP optimization.

Although we have already been successful in solving DCARP instances by leveraging the

wealth of algorithms from the existing CARP literature, we still lack knowledge about which

dynamic factors make DCARP instances harder to solve. This gap hinders the refinement and

enhancement of DCARP algorithms. Therefore, we performed the fitness landscape analysis

on a range of DCARP instances to study their characteristics in Chapter 4, addressing RQ2:

“What makes the DCARP instance hard to solve for optimization algorithms?”. We applied

a hybrid local search algorithm to explore the landscapes of these DCARP instances with

respect to the properties of both local optima and the approximate global optimum. The

insights from landscape show that cost-related dynamic events have almost no impact on

the characteristics of DCARP instances, while the introduction of new tasks emerges as the

primary factor causing DCARP instances more challenging. As a result, we can focus more

on strategies for allocating new tasks in DCARP optimization.

As a DCARP scenario comprises a series of DCARP instances with inherent similarities,

the optimization experience gained from solving the former DCARP instance can potentially

promote dynamic optimization for a new DCARP instance in a DCARP scenario. There-

fore, we introduced the concept of “building block” as optimization experiences in DCARP

scenarios in Chapter 5. Recognizing from the insights of fitness landscape analysis that cost-

and task-related dynamic events have different impacts on DCARP instances, we considered

two DCARP scenarios: DCARP-OC scenarios generated only with cost-changing dynamic

events, and DCARP-CT scenarios generated with both cost-changing and task-changing

dynamic events. A novel framework incorporating the solution building block adaptation

strategy (SBBA) was proposed which effectively retains the high-quality solutions obtained

in the previous optimization process, allowing for the extraction of valuable experience from
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these solutions to promote the dynamic optimization process. It answers RQ3: “How to

extract optimization experience from a DCARP instance and integrate into a meta-heuristic

framework for enhanced performance in different DCARP scenarios?”.

The efficacy of the proposed SBBA strategies was first evaluated through comparing it

against two conventional constructive strategies in terms of the quality of directly generated

solutions. Our empirical findings demonstrated that SBBA, benefiting from the optimiza-

tion experience, is able to generate significantly better solutions than the other two strate-

gies in both DCARP-OC and DCARP-CT scenarios. Subsequent experiments, integrating

MAENS with the virtual task strategy into our framework (MAENS-SBBA) to optimize

DCARP scenarios, showed that MAENS-SBBA has a faster convergence rate and obtain

superior solutions compared to the original algorithm, especially in DCARP-OC scenarios.

For DCARP-CT scenarios, the proposed framework is much more helpful for performance

improvements for smaller changes in the number of added tasks.

While our previous experiments evaluated the proposed algorithm through comparing it

with other algorithms, we had not yet assessed its optimization ability on DCARP instances

in relation to the theoretical global optimum. Unfortunately, as an NP-hard problem, the

theoretical global optimum for most DCARP instances is unknown. Hence, we proposed a

node matching lower bound approach and calculated a lower bound for DCARP instances in

Chapter 6 to assist in evaluating the performance of optimization algorithms, which answers

RQ4: “How can we derive a lower bound for evaluating the DCARP solution quality rather

than relying solely on comparison with baseline algorithms?”. The lower bound was derived

through solving a converted minimum cost matching problem based on the given DCARP

instance. We also proposed a graph pruning strategy to increase the efficiency of calculating

the lower bound. Then, armed with the obtained lower bound, we evaluated the performance

of MAENS-SBBA on all generated DCARP instances. Our experimental analysis showed

that the optimization results of MAENS-SBBA still possess significant potential for further
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optimization enhancement on most DCARP instances compared to our lower bound.

All our previous evaluations focused on artificial benchmarks which might miss partial

problem characteristics of real-world applications, especially for DCARP highly relying on

the occurrence of dynamic events. Therefore, we finally designed a benchmarking system

for generating DCARP scenarios based on a traffic simulation software with real-traffic data

in Chapter 7. We generated 12 DCARP scenarios for algorithm performance evaluation.

These scenarios were predicated on authentic map and traffic data from Dublin city, varying

in depot locations, distribution of tasks, and service time periods. It answers RQ5: “How

can we evaluate and how well do our proposed DCARP algorithm perform in real-world

scenarios in addition to artificial benchmarks?”. The optimization algorithm MAENS-SBBA

was evaluated in these DCARP scenarios, and the experimental results demonstrated the

proposed algorithm is still effective in DCARP scenarios with real-traffic conditions.

Additionally, we compared strategies and algorithms that had previously been tested on

artificial benchmarks, on SUMO-based DCARP scenarios. Our empirical studies drew the

same conclusion as that from artificial benchmarks, which reflects that artificial benchmarks

are sufficient for evaluating optimization algorithms in terms of total costs of finally obtained

solution and the convergence performance. Moreover, leveraging these real-traffic conditions,

we further investigated the performance of algorithms from practical perspectives including

the robustness over runs, changes in vehicle paths after dynamic optimization, and the

variance in vehicle working time with dynamic optimization. The analysis suggests that

our algorithm is robust even under real-traffic conditions and will not introduce serious

unbalanced workload among vehicles. However, changes in vehicle paths are not guaranteed,

especially in DCARP-CT scenarios according to our empirical studies.

185



Chapter 8. Conclusions and Outlook

8.2 Future Work

Even though the contributions of this thesis have covered several perspectives in the DCARP

context, there still exist a few potential improvements in the future due to the limitations of

the proposed algorithms and the scope of the experimental analysis.

First of all, we proposed SBBA strategies to extract optimization experience in DCARP

scenarios, which directly adapt historical solutions to new DCARP instances to promote the

dynamic optimization. However, its performance is still similar to or even worse than the

greedy generation strategy in a few DCARP-CT instances. In the future, more effective

strategies could be proposed for DCARP-CT instances. Since SBBA directly inherits task

sequences from historical solutions, it would be valuable to extract more indirect experience

from historical solutions to help generate higher-quality solutions for DCARP scenarios.

With the recent advancements and proven efficacy of deep learning techniques in addressing

a few combinatorial optimization problems [10], it would also be worthwhile to integrate

potential deep learning methods to further enhance the dynamic optimization for DCARP.

Additionally, these strategies are also suitable for similar combinatorial optimization prob-

lems, such as the CVRP and TSP. Therefore, it would also be valuable to evaluate our

algorithms on these similar problems in the future.

Secondly, insights from the fitness landscape analysis suggest to pay more attention to

new tasks when optimizing DCARP instances. Even though we have proposed a specific

insertion heuristic in SBBA strategies demonstrated to be useful in DCARP-CT scenarios,

its reliance solely on greedy insertion based on the building block limits its performance

currently. Therefore, it would be valuable to consider the features of new tasks in more detail

and develop more effective strategies to adeptly handle new tasks in DCARP scenarios.

The DCARP scenarios studied in this thesis have also been of a small to medium scale,
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encompassing no more than 200 tasks. In real-world applications, the number of tasks can

often exceed 200 tasks, even greater than 1000 tasks. This requires specific strategies to

navigate the vast search space. Therefore, in the future, it is worthwhile to investigate more

about large-scale DCARP scenarios and propose experience-assisted strategies to enhance

the dynamic optimization for these scenarios.

Further, while the tightness of the proposed node matching lower bound has been validated

to be very close to the theoretical global optimum for DCARP instances with a small number

of tasks, its tightness on large complex instances still remains uncertain. Therefore, it

is valuable to perform a deeper exploration into how specific characteristics of instances

influence the NMLB on the NMLB and develop tighter lower bounds for DCARP instances.

Finally, the current SUMO-based benchmarking system is only designed for specific DCARP

scenarios with predefined settings of depots and tasks, and it is not convenient for broader

research utilization with other kinds of scenarios. Hence, we are going to develop a set of

user-friendly interfaces for this benchmarking framework so that more researchers can use

it to evaluate their algorithms. Furthermore, it is also valuable to construct more DCARP

scenarios including small, medium, and large numbers of cities for analyzing the effectiveness

of each optimization algorithm in different DCARP scenarios.

The optimization experience presented in this thesis represents our initial step for learn-

ing to optimize. We only concentrated on extracting optimization experience from a single

source problem instance to promote the optimization of a new, significantly related target

problem instance. In the future, it would be worthwhile to explore more about learning

experiences from a variety of simpler source problem instances to assist in solving more

challenging problem instances. Furthermore, while we currently only consider the optimiza-

tion experience within the same problem domain, the potential for transferring optimization

knowledge across different problem domains also presents a valuable direction in the future.

187



Chapter 8. Conclusions and Outlook

188



Appendix One

Supplemental Materials

A.1 Full Results for Section 3.3.4: Analysis of the Effects

of the Virtual-Task Strategy (Table 3.3)
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A.1. Full Results for Section 3.3.4: Analysis of the Effects of the Virtual-Task Strategy
(Table 3.3)
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A.1. Full Results for Section 3.3.4: Analysis of the Effects of the Virtual-Task Strategy
(Table 3.3)
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Chapter A. Supplemental Materials

A.2 The Pseudo-Code of the Instance Generator for Fit-

ness Landscape Analysis

Algorithm 10: Pseudo code of the instance generator.
Input: Static instance, initial solution;

The full capacity of vehicles: Q;
A configuration of dynamic event: CEvent;
Factors’ set for the selected event: Setfactor;
Configurations of state factors: COV , CRQ;

Output: A DCARP instance I1 with selected configuration.

1 if COV == few then
2 Uniformly randomly select one vehicle as the outside vehicle;

3 else
4 Select all vehicles as outside vehicles;

5 if CRQ == small then
6 Set RQ = 30%

7 else
8 Set RQ = 90%

9 Determine positions for all outside vehicles that each vehicle’s remaining capacities
are about RQ percents of full capacity.

10 Set current instance as I0 if CEvent == CI then
11 Call Function: I1 = Apply_Cost_Increase_Event(I0, Setfactor);

12 if CEvent == CD then
13 Call Function: I1 = Apply_Cost_Decrease_Event(I0, Setfactor);

14 if CEvent == ND then
15 Call Function: I1 = Apply_New_Demand_Event(I0, Setfactor, Q);

16 if CEvent == NT then
17 Call Function: I1 = Apply_New_Tasks_Event(I0, Setfactor, Q);
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A.2. The Pseudo-Code of the Instance Generator for Fitness Landscape Analysis

Function: Apply Cost Increase Event
Input: DCARP instance; Configuration set: CI-N;
Output: DCARP instance applying with dynamic event.

1 if CI-N == few then
2 p = 20%

3 else
4 p = 80%

5 Uniformly random select p of edges in the solution’s path and make their costs be
doubled.

Function: Apply Cost Decrease Event
Input: DCARP instance; Configuration set: CD-N;
Output: DCARP instance applying with dynamic event.

1 if CD-N == few then
2 p = 20%

3 else
4 p = 80%

5 Uniformly random select p of edges in the solution’s path and make their costs be
halved.

Function: Apply New Demand Event
Input: DCARP instance;

Configuration set: (ND-N, ND-V);
The full capacity of vehicles: Q;

Output: DCARP instance applying with dynamic event.
1 if ND-N == few then
2 p = 20%

3 else
4 p = 80%

5 Uniformly random select p of tasks in the remaining tasks and save them into a set
SetND. if ND-V == small then

6 dm = Q
|SetND|

7 else
8 dm = 4Q

|SetND|

9 Add demand dm to each task in SetND.
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Chapter A. Supplemental Materials

Function: Apply New Tasks Event
Input: DCARP instance;

Configuration set: (NT-P, NT-N, NT-V);
The full capacity of vehicles: Q;

Output: DCARP instance applying with dynamic event.
1 Save all available edges (not task) in a list ListNT ;
2 if NT-P == close then
3 Sort ListNT in ascending order according to the max distance of two nodes to the

depot.
4 else
5 Sort ListNT in descending order according to the max distance of two nodes to

the depot.
6 if NT-N == few then
7 p = 20%

8 else
9 p = 80%

10 Select the front p of edges from ListNT as the new tasks and save into SetNT . if
NT-V == small then

11 dm = Q
|SetND|

12 else
13 dm = 4Q

|SetND|

14 Add demand dm to each task in SetNT .
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