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Abstract

The Workforce Scheduling and Routing Problem (WSRP) is described as the assign-
ment of personnel to visits across various geographical locations. Solving this problem
demands tackling scheduling and routing constraints while aiming to minimise the total
operational cost. With current computational capabilities, small WSRPs are solvable
using exact methods. However, it is difficult to solve when they are larger. The difficulty
of WSRP is further increased when processing conflicting assignments or dealing with
workers unavailability at customer’s areas. Genetic Algorithms (GAs) have proved their
effectiveness in these regards, because of their search capability to acquire good solutions
in a reasonable computational time. A GA consists of many components, which can be
chosen and combined in numerous procedures. In the case of solving scheduling and
routing problems separately, different GAs have been proposed. When solving WSRP
problem instances, it has been quite common to use the design components, intended for
scheduling or routing problems. In this thesis, 42 real-world Home Health Care (HHC)
planning problem datasets are used as instances of the WSRP. Different GA components
are presented in this study, tailored for the combined settings. This has made major
contributions to understanding how GAs works in a challenging real-world problem.
Research interests in this work are categorised into two parts. The first part aims to
understand how to employ different genetic operators effectively when solving WSRPs.
The work intends to design and select the best combination of components that provide
good solutions. Accordingly, seven well-known crossovers, three mutation operators and
eight cost-based operators are implemented. In addition, two repair heuristics to tackle
infeasibility. Nevertheless, a direct chromosome representation has resulted in poor solu-
tions. Thus, there is a need for more tailored components for this problem. Therefore,
an indirect chromosome representation, designed specifically to tackle WSRPs, is presen-
ted. The aim is to ensure initial solutions feasibility. Due to the quality of solutions,

the GA introduced is considered an effective baseline evolutionary algorithm for WSRP.



This work also suggested that each problem set requires different parameter settings.
The second research interest intends to increase the GA efficiency. One approach is to
investigate the effect of using adaptive components on the quality of WSRPs solutions.
The aim is to adaptively alter parameter values instead of tuning an algorithm to a
specific instance. Three aspects are adjusted during the run according to different rules:
operator rates, population size, and crossover operator function. Thus, six variations of
a diversity-based adaptive GA is presented. Not only the adaptive GA has improved the
results, especially for large WSRP scenarios, but also it reduces the computational time.
Another aspect investigated is the effect of using a group of crossover operators rather
than using one operator throughout the search. Six crossover operators, well known and
problem-specific are used as part of a multiple crossover GA framework. To evaluate an
operator effectiveness, a reinforcement-learning model is developed with three perform-
ance measurements. The most successful variant of this algorithm finds the best-known
results for the larger problem instances and matching the best-known results for some
of the smaller ones. When combining this method with the adaptive GA, it provided
some of the best results, as compared to established algorithms. The presented methods
have contributed in reducing the operational costs for this constrained combinatorial

optimisation problem.
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Chapter 1

Introduction

This thesis is the product of four years of research on genetic components, applied to the
scheduling and routing of the workforce. This first chapter presents a brief introduction of
the background, the motivation for carrying out this research and the specific objectives
of this thesis. In addition, it discusses the key contributions made to the field and

provides an overview of the remaining chapters.

1.1 Background and Motivation

The decision to pursue this area of research emerged after my master dissertation,
which involved genetic algorithm (GA) for nurse rostering problem at Riyadh hospital.
Solving real-world problems can be a useful approach in facilitating daily functions,
especially in the health care context. Equally important is the efficiency of optimisation
technologies as solution methods in comparison to the manual approach, cost-wise and
quality-wise.

Recently, there has been a renewed interest in the growing population of elderly, or
patients with chronic diseases who need care at their homes [14]. Hence, home care
related optimization problems are introduced.

One example is the workforce scheduling and routing problem (WSRP) [18, 21]. This
problem involves scheduling and routing workers to travel to different locations to visit

customers in order to complete a set of tasks or activities. In other words, WSRP is
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Figure 1.1: A WSRP example, where the number of workers (W) is 3 and the
number of visit assignments (V') is 15.
a combination of two combinatorial optimisation problems, personnel scheduling, and
routing, which are known to be NP-hard [88]. The scheduling aspect allocates workers
to customers to fulfil work demands as well as satisfying customers’ and workers’ pref-
erences. The routing aspect requires generating routes for workers to visit customers
across various locations and within given time-windows.

The goal of WSRP considered in this thesis is to generate a daily plan of assign-
ments, i.e. to assign a set of workers W = {wy, wo,... ,w|W|} to perform a set of wvisits
T ={i,j,..., kjy} for customers at different locations, where V" is the number of visit as-
signments. Each visit requires a service for one or multiple tasks. The terms assignment
and visit are interchangeably used throughout the thesis.

The WSRP objective is to minimise operational costs and travel distances while
attending the additional requirements expressed by customers, workers, and the business
corporation. For example, an illustration of a possible plan for a WSRP instance is
presented in Figure 1.1. In this example, 3 workers (wy, we, ws3) are assigned to 15
different visits, located in different geographical areas. A path is plotted as a dotted

line with a different colour for each worker, i.e., worker 1 is green, worker 2 is blue and
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worker 3 is orange. This indicates that worker wy is assigned to the set of visits (1, 4, 6,
10, 11, 9). Worker ws is assigned to the set of visits (5, 7, 8, 9, 12, 13, 14, 15). Worker
ws is assigned to the set of visits (5, 2, 3). Note that two workers are assigned to visits
5 and 9, in order to perform different tasks for the same visit.

A key challenge for this combined settings of scheduling and routing is providing a
solution that can improve the workforce performances while minimising the operational
costs. For this reason, the author’s experience on personnel rostering has motivated
undertaking WSRPs instances.

A type of WSRP arises in home health care problems (HHC), where workers are
carers, nurses, doctors, etc., who provide services to one or multiple tasks. Examples
include grocery shopping, cooking, helping with bathing, administering medication, mon-
itoring serious illness and unstable health status and injections. Customers on the other
hand are the patients receiving the health care at their homes. A customer books a time
slot, depending on their availability and expects the workers to arrive within that time
slot in order to complete a set of tasks [18].

The type of the service required by a customer affects the decision of a worker
assignment. For example, if a career is replaced by a higher skilled worker, in this
case a nurse; then the range of tasks changes with regards to the worker’s skills and
the help required. For example, a customer might require a task such as recovering
from a surgery [79]. Similarly, if the nurse is replaced by a doctor; different tasks are
required. The more specialised the qualifications required, the higher the cost becomes
for an assignment. Therefore, pairing a visit to the specified skilled worker can benefit
the overall cost of the assignment.

This thesis considers 42 problem instances from six different real-world HHC planning
problem, provided by previous research, as WSRP. There are some real-world problems
that have similar characteristics to HHC, however, they are not tackled in this thesis, as
they are beyond the scope of the study. Such as security guard routing and rostering,

worker allocation and maintenance personnel scheduling [18].
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1.2 Why Are GAs Used in This Study?

In order to answer the question arise, the nature of WSRP is analysed to identify
any challenges that may occur when tackled. It can be claimed that the WSRP is
categorised as a logistical combinatorial problem, which involves logistic planning based
on formulating, solving and analysing. Other examples are the shortest path problem,
the traveling salesman problem (TSP), the vehicle routing problem (VRP) and the job
shop scheduling problem (JSSP) [59].

Many logistic problems are considered as NP-hard problems that can arise in real-
world settings. If the size of the problem is small, these types of problems are solvable
by exact algorithms. However, it is difficult to solve when they are larger in size. This
same remark is also applicable to WSRP as presented by [78]|. The research has tackled
WSRPs instances by using a mixed integer programming (MIP) with decomposition
method. Researchers have reported that real-world instances of the WSRP are diffi-
cult to solve, especially for large-scale problems that required a considerable amount of
computational-time (up to several hours), indicating the need for faster solution methods
for this problem.

Another attempt has been made to tackle the same set of instances with a variable
neighbourhood search (VNS) [127]. The research has presented problem-specific heur-
istics that provided good results for WSRPs in less time, indicating the need of using
tailored elements in the development of an efficient algorithm for WSRP. Similarly, the
hyper heuristics study by [108] which has tackled three types of WSRP problem sets,
using a problem-specific adaptive selection of low-level heuristics. This study has proven
further the importance of using problem-specific elements when solving the WSRP.

To summarise, the current solutions methods are either time-consuming [79] or re-
quire domain-knowledge [108, 127]. Previous research has highlighted the role of using
tailored heuristics in reducing issues in WSRP solutions, such as conflicting assignments,
workers unavailability at a customer’s area and worker/customer preferences. Therefore,
it can be argued that the use of a metaheuristic method composed of tailored heuristics

can provide good solutions within a reasonable computational-time.
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This thesis focuses on Genetic Algorithms (GA), which are considered as a class
of the widely known Evolutionary Algorithms (EAs), that are influenced by Darwin’s
theory of evolution.

According to the natural selection principle "survival of the fittest", living beings
compete with each other for resources in every generation and the best have a better
chance of survival [109]. With time, after many generations, the individuals become
better and much more adapted to the environment.

The GA consists of many components, which can be chosen and combined in various
methods, e.g., the data structure used to represent a solution and the evolutionary op-
erators that produce new chromosomes from old ones. According to [175], GAs require
an encoded solution of the problem (denoted as a chromosome), that goes through dif-
ferent operators to preserve preferable features from its parents (the concept of natural
selection). Genetic information is passed to the next generation with more improvement.

GAs and other EAs are population-based search techniques that discretely explore
the solution space. These algorithms are capable of providing multiple solutions in a
single run, instead of aiming to improve one solution throughout the run [109].

Different GAs have provided solutions where exact methods are less effective. For
example, scheduling problems [4, 143, 180], timetabling [160], JSSP [52] and VRP [133].

Existing research on WSRP has included applying EAs to real-world problems, where
scheduling and routing are combined. Examples include the application of GAs [30, 76,
117, 118] and particle swarm optimisation (PSO) [5, 67].

In those works, it is a common practice to attempt to hybridize the algorithm with
repair heuristics to overcome infeasibility issues. Still, none of these techniques attemp-
ted to identify effective combinations of GA components. It is expected that the GA
design for a WSRP might reuse the same components that have been used on the GA ap-
plications for scheduling and routing separately [30, 118]. These well-known components
might perform well under the WSRP. However, this problem is a highly constrained and
is harder to satisfy if a straightforward procedure is used. Thus, the combined nature of
WSRP requires more insights with respect to the design elements.

To the best of my knowledge, GA applications of problems involving scheduling and
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routing combined [30, 118] have not explicitly investigated problem-specific evolutionary
components on a design level. In this thesis, the interest of obtaining solutions for WSRP
through GAs motivated the research in understanding the importance of using suitable
genetic elements for WSRPs.

An initial review of the literature is conducted on the GAs application on similar
problems, in order to classify their behavioural properties when tackling the WSRP.
Preliminary results revealed that solving WSRP without any domain knowledge showed
poor solutions. Hence, it is suggested by the author of this thesis to use problem-specific
components, tailored for WSRP, to minimise the number of constraint violations along
with the traveling-costs.

This research has focused on studying GAs to further understand the evolutionary
process under a combined setting, particularly for WSRP instances. Additionally, it has

investigated different elements that may improve the algorithm effectiveness.

1.3 Thesis Objectives

The main objective of this research is to develop a working GA that solves the WSRP
as a real-world problem. With this in mind, the GA must produce good results when
compared with established algorithms available in the literature.

To achieve the objectives, the shortcomings of the existing research that tackled
WSRPs are addressed as two main questions: 1) How a GA works as a problem solver
for WSRP and 2) What are the design elements to be considered to optimise the GA
performance for this problem. Most research on GAs have targeted similar question, in
some way or another, but in this thesis, the focus is on the combined settings of WSRP.

To answer these questions, the research objectives are divided into two twofold,
which are mentioned below along with the steps taken to tackle them as this thesis
contributions.

Objective 1 : Investigating the performance of problem-specific components to solve
WSRPs effectively.

To understand how to effectively employ different combinations of operators when tack-

ling WSRPs, the following steps are undertaken throughout the search:



CHAPTER 1. INTRODUCTION 7

—

. Identify WSRP features, that can be challenging when a simple EA is used (Chapter2).
2. Develop repair heuristics to tackle infeasibility (Chapter 4).
3. Study different combinations of crossover/mutation operators (Chapter 4).

4. Design an indirect chromosome encoding scheme that ensures the feasibility of

solutions (Chapter 5).

5. Develop a set of cost-based genetic operators tailored for the indirect chromosome

encoding scheme (Chapters 5).

Objective 2 : Developing an adaptive genetic algorithm customised for WSRPs.
To increase the GA efficiency and reduce the number of empirical tests, adaptive para-
meter control methods are explored in this thesis. Thus, the following steps are under-

taken throughout the search:

1. Identify WSRP features that contribute to the degradation of the GA performance

in later generations (Chapter 6).
2. Study a possible synergy among different crossover operators (Chapter 7).
3. Develop a multiple crossover method that works as one operator (Chapter 7).
4. Develop an online learning model to evaluate operator effectiveness (Chapter 7).

5. Develop a diversity-based adaptive multiple crossovers genetic algorithm (AMCGA)
that integrates the adaptive rates adjustments approach into the best performing

approach AMC' 7.

1.4 Key Contributions

The thesis contributes to the research in the area of GAs for solving real-world
instances of workforce scheduling and routing problems (WSRPs). The contribution
also contains the development of an adaptive genetic algorithm to tackle WSRPs. The

research ideas explored during the PhD period are outlined below.
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1. Tailored repair heuristics
A time conflict reduction (TCR) operator is applied to each individual in the initial
population in order to reassign visits and reduce the number of time conflicts. The
worker suitability repair (WSR) operator seeks to improve the suitability of workers

for each visit.

2. Problem specific crossover operators
Five different crossover operators were proposed to improve the results by restrict-
ing mating to the feasible region only. All operators were evaluated by using an

offline tuning process for their parameters.

3. Problem specific mutation operators
Three different mutation operators were proposed to ensure workers’ suitability to
be assigned to a specified visit. All operators were evaluated by using an offline

tuning process for their parameters.

4. Indirect chromosome representation
The encoding is proposed to maintain a flow of feasible solutions. The process

assigns suitable workers only and avoids solutions with time-conflicts.

5. Population re-sizing in an adaptive parameter control method
To reduce the baseline GA computation-time, adaptive parameter control is pro-
posed. The dynamic population re-sizing is considered to allow the GA to re-
strict/expand the search to the required individuals. Also, a random crossover

exchange is used to explore the influence of adjusting the crossover function.

6. On-line learning method for operators rewards
Crossovers performances are evaluated during the learning process to alter their
application rates during the run. The score is rewarded based on the feedback

from the problem-specific application of an online learning mechanism.

7. Multiple crossover framework
Many operators have been proven to perform well under the baseline GA. Thus,

an adaptive multiple crossover scheme is proposed to investigate the performance
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of a group of operators, that obtained better results than the baseline GA in less

computation-time.

8. Diversity-based adaptive multiple crossovers genetic algorithm
To help improve the efficiency of the baseline GA, this method is proposed as
a composition of two adaptive aspects, rate adjustment approach and multiple
crossover framework. This method allows a deeper insight into the significance of

using adaptive components for tackling WSRP.

Overall, the tailored chromosome encoding, repair heuristics, the problem-specific op-
erators, adaptive parameter control and multiple crossover method can provide a starting

point for methods comparisons of a new solution for WSRP.

1.5 Publications

The following published articles have resulted from the research work presented in

this thesis:

1. A Study of Genetic Operators for the Workforce Scheduling and Routing Prob-
lem. Haneen Algethami, Dario Landa-Silva. Proceedings of the XI Metaheuristics

International Conference (MIC 2015), pp. 75.1-75.11, Agadir, Morocco, June 2015.

2. Extended Decomposition for Mixed Integer Programming to Solve a Workforce
Scheduling and Routing Problem. Wasakorn Laesanklang, Rodrigo Lankaites Pin-
heiro, Haneen Algethami, Dario Landa-Silva. Operations Research and Enterprise
Systems, Series Communications in Computer and Information Science, Vol. 577,
pp- 191-211, Springer, 2015.Extended Version of Paper Presented at the 4th In-
ternational Conference on Operations Research and Enterprise Systems (ICORES

2015), Lisbon, Portugal, January 2015. (uses the method described in Chapter 4).

3. A Genetic Algorithm for a Workforce Scheduling and Routing Problem. Haneen
Algethami, Rodrigo Lankaites Pinheiro, Dario Landa-Silva. Proceedings of the
2016 IEEE Congress on Evolutionary Computation (CEC 2016), pp. 927-934,
IEEE Press, Vancouver, Canada, July 2016. (uses the method described in Chapter
5).
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4. Selecting Genetic Operators to Maximise Preference Satisfaction in a Workforce
Scheduling and Routing Problem. Haneen Algethami, Dario Landa-Silva and
Anna Mart’inez-Gavara. Proceedings of 6th International Conference on Opera-
tions Research and Enterprise Systems (ICORES 2017), Porto, Portugal, February
2017. (uses the method described in Chapter 4).

5. Diversity-Based Adaptive Genetic Algorithm for a Workforce Scheduling and Rout-
ing Problem. 2017 IEEE Congress on Evolutionary Computation (CEC) Spe-
cial Session on Diversity Preservation Mechanisms for Population-based Meta-
heuristics, Donostia - San SebastiAan, Spain, 2017. (uses the method described
in Chapter 6).

Additional Planned Publications

Two additional publications are being considered based on the results presented in

this thesis.

1. An Adaptive Multiple Crossover Genetic Algorithm for a Workforce Scheduling
and Routing Problem. Submitted as a journal article. The planned publication
present three variations of the baseline GA that (uses the method described in

Chapter 7).

2. Designing Components of a Genetic Algorithm for a Workforce Scheduling and
Routing Problem. This publication presents a gradual development of problem-

specific genetic components that are designed to tackle WSRP instances.

1.6 Organisation of the Thesis
Chapter 2 describes the research problem tackled in this thesis, including WSRP’s main
characteristics, constraints, and objectives. Problem instances used in this thesis

are also discussed in this chapter with a review of WSRP solution methods.

Chapter 3 provides a general background on GAs, including design elements, efficiency
enhancement techniques, and parameter control. Also, this chapter reviews the

literature on WSRP related problems, with respect to the GA design.
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Chapter 4 proposes an in-depth study on selecting genetic operators to maximise cus-
tomers’ and workers’ preference constraints. Performance matrices are used to

assess the quality of each mutation and crossover combination in two variations of

well-known GAs.

Chapter 5 proposes an indirect chromosome encoding scheme of WSRP problems with
six novel cost-based genetic operators tailored for the indirect chromosome encod-

ing scheme.

Chapter 6 proposes a diversity-based adaptive parameter control method as an exten-
sion of the baseline GA. This chapter uses a qualitative approach to investigate if

there exists a significant difference between all proposed methods.

Chapter 7 proposes a multiple crossover framework that investigates the effect of cros-
sovers corporations on the GA performances. Performance measurements are used
to evaluate each crossover. This study helps to develop a new diversity-based GA

customised for WSRP.

Chapter 8 presents a summary of the most important aspects of the research contri-
butions. It also compares the results obtained by the solution methods presented
in this thesis with those in the literature. Finally, the potential future research

directions are indicated this chapter.



Chapter 2

Workforce Scheduling and Routing

problem

2.1 Introduction

This chapter reviews the problem tackled in this research over three sections. The
first section portrays the home health care planning problem (HHC) as an instance
of WSRP by identifying the hard constraints, soft constraints, objectives, and weights.
Then, in the second section, the WSRP instances used in this thesis are explained and dis-
cussed. This chapter also reviews different solution methods customised for the WSRP.

Finally, a brief summary of this chapter is reported.

2.2 Main Features of WSRP

Table 2.1: WSRP objectives and constraints

Objectives Hard constraints Soft constraints

Minimise travelling cost Assign all visits Respect workers area availability

Minimise payment cost  Respect visit time (No time-conflicts) Respect workers time availability

Minimise penalty cost Respect max working time per week  Assign preferred workers to visits
Respect min working time per week Assign workers to preferred areas
Assign a qualified workforce Assign workers with a preferred skill

A list of WSRP objectives and constraints considered in this thesis are shown in

Table 2.1, as presented by [79]. An assignment of a worker to a visit must consider worker

12
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Figure 2.1: An example of time-conflicts occurrences in a WSRP solution for one
worker. Conflicting visits (grey with stripes) and non-conflicting visits
(black solid).
availability, travelling times, visit duration, skills and qualifications, visit requirements,
preferences and costs [101].

A good quality plan for an HHC problem should have a low operational cost as
well as assigning workforce. Thus, a solution requires all visits to be assigned according
to workers’ skills and avoiding time-conflicts with respect to workers’ time and area
availability. Note that the planning horizon is one day for all instances.

A time-conflict occurs when a worker is assigned to visits overlapping in time. Figure
2.1 shows an illustration of time-conflict occurrences among visits for one worker. The
conflicting visits are shown as grey rectangles with stripes, while the non-conflicting visits
are shown as black solid rectangles. Visits v; and v are conflicting from 5:00 — 6:00.
Visits vy and vs are also conflicting from 2:00 — 4:00. Having time conflicts occurrences
result in obtaining infeasible solutions.

Table 2.2 shows the notation used in the following sections with respect to the WSRP

objectives and constraints. The details of WSRP features are explained next.

2.2.1 Problem Constraints
To obtain a WSRP plan, the main characteristics are expanded for the problem
aspects and are grouped into three main parts: workers, visits and locations. Each

group is associated with different constraints that defines the required solution.
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Table 2.2: Notations for WSRP

Symbol ‘Dcscriptiou

Sets ‘
w Set of workers
T Set of visits
Q Set of skills
Parameters ‘
|4 Number of assignments
d; Distance between visit i to a visit j
Py Cost to assign worker w to a visit j
T The preference satisfaction score for a visit j
A1,-.., A5 | Weights of the objective function
Variables ‘
) Binary decision variable to assign worker w into path between visit i and visit j
Yj Integer decision variable to determine the number of unsatisfied assignments for visit j (i.e. may require more than one worker)
s Binary decision variable indicating assignment of worker w to visit j conflicting with the other assignments
vy Binary decision variable indicating assignment of worker w to visit j to violate area availability
oY Binary decision variable indicating assignment of worker w to visit j to violate time availability
; ) g J )
Py Binary decision variable indicating assignment of worker w to visit j with preference penalty

Workers are the set of employees W = {wy, wo, ..., wyy| } that provide services for

customers. Workforce-related features are as follows:
1. Each workers w has one skill or more from a set of skills @ = {q1, g2, ..., qq|}-

2. Each worker has to be available to work on one visit only. Returning to the

completed visit is not allowed.
3. Fach worker is required to work a fixed number of hours, on a daily basis.

4. One worker might be assigned to more than one visit, henceforth not all workers
are assigned. Where z7’; is the binary decision variable used to assign a worker w

into a path between visit ¢ and visit j.

5. A worker w arrives at the location of a visit j at the requested arrival time, denoted

w
asaj.

6. A worker must be available to work at the time and the geographical area of a
visit, i.e. not assigned to any other visits at the same time.

7. A worker may have allocation preferences for a specific area.

Visits are the set of visit assignments V = {4, 7, ... ,k“v‘}, requested by customers, that
are performed by workers who hold specified qualifications. Visit-related features are as

follows:
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1. All visits must be assigned and completed by a set of workers, i.e. all visits must

be part of a daily plan.

2. A worker skill is either compatible with a visit requirements or not, thus the

relationship is 0 or 1.

3. Each visit might have one or more task, thus a visit must be assigned to a worker

or a team of workers.

4. All workers must have the required skills to meet the visit requirement.
For a visit j, an assignment z;"; = 1 will force y; < r;. Where r; is the number of
workers required to make visit j and y; is an integer decision variable, indicating

the number of workers is less than the visit j requirement, where > Tty =71j.
5. Each visit must be serviced within a time-window.
6. A customer requesting a visit may have a preference on a specified skill.
7. A customer requesting a visit may have a preference for specified workers.

locations: are the visits’ geographical areas, where areas are grouped locations. Location-

related features are as follows:

1. A worker must travel from a visit ¢ to a visit j until completing the work of the
day. For example, z;’; = 1 means a worker w is assigned to travel from visit ¢ to

visit j thus, worker w makes both visits.

2. A worker is unavailable during the travelling time, where the travelling time is the

time taken to go from a visit ¢ to a visit j.

3. Each worker has specified start and end locations (usually they are the same), for

one day plan.

2.2.2 Problem Objectives

The WSRP objective is to minimise operational costs and travel distances while

attending the additional requirements expressed by customers, workers, and the business
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corporation. A key challenge for this combined setting of scheduling and routing is
providing a solution that can improve the workforce performances while minimising the
operational costs. Thus, a solution S is a set of assignments to workers in order to make
visits. The objective function, on the other hand, includes the operational cost as well
as the penalty cost.

The operational cost is the accumulated cost d;; + p}”, where d; ; is the distance
travelled between visit ¢ to visit j and p}’ is the cost of assigning worker w to visit j,
i.e. wages, equipment used to deliver a visit plus the journey costs for all workers, as
calculated by the service provider in the HHC scenarios.

Since feasibility is not guaranteed in a WSRP solution, the penalty costs are tackled
as the accumulated penalty for violations of the constraints presented in Table 2.1.

An assignment of worker w to visit j is made to a path connecting between two nodes
and can be written as a tuple (méfj, Yj, a;f’, zl);-”, 0;“, T]w) This assignment is composed of
binary decision variables indicating violations occurrences on area availability (@D}”), time
availability (6}') and conflicting assignments (7). If a visit j violates time availability,
then 9}” = 1. The same applies to area availability violation where ¢7 — 1, when
violation occurs. Likewise, 7, = 1, if the assignment has time conflicts with the other
assignment.

Additional preferences include workers preferring to work in certain geographical
areas, customers requiring workers with special skills or preferring certain workers to
perform a task. For instance, a customer might prefer a female carer to perform the
task. The non-satisfaction of preferences is also included in the penalty cost. Therefore,
there are three types of preferences including preferred worker-customer pairing, worker’s
preferred region, and customer’s preferred skills.

There is a degree of satisfaction for these preferences when assigning a worker w to
a task j and is given by p}’ which has a value that ranges between [0,3] For each
assignment, the satisfaction value for each preference ranges between [O, 1], from not
satisfied to satisfied. The satisfaction level is reverted to a penalty by subtracting it
from the full satisfaction score, which is 3r; for a visit j.

A weighted sum is proposed to combine the objectives into a single scalar value. The
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objective function is written as in equation (2.1), where weights A1, ..., A5 are defined in
Table 2.3 to establish priority between objectives. Lower priority objectives should have

less weight value. The objective function can be written as:

F) =M D D> (dig + Yy
weW i€T jeT
A2 Y DY By o)

weW €T jeT

s ) D W+
weW jeT
+)\4Zyj+>\5 ZZT;U (2.1)

JeT weW jeT

The objective function, shown in equation (2.1), has two of the four priority levels
stated in Table 2.3, that involve a cost related to the geographical regions.

In Table 2.1, assignments outside a worker’s available regions are penalised. This
is considered as soft constraints penalty. However, assignments made in a less-preferred
region (but still within the worker’s available regions) are penalised. This is considered

as preferences penalty.

2.2.3 Weights Calculations

Table 2.3: Weights values for WSRP

Objective ‘ Weight ‘ Value

Operational costs A mileage/k
Preferences penalty costs Ao 1
Soft constraints penalty A3 V]/2
Unassigned visits A4 s>
Time-conflicts A5 33

The weights associated with each objective are set to values that reflect the difference
between the priority levels, as suggested by [18, 136]. The main goal is to maintain a

balance of priorities for each instance based on each problem specifications. Thus, the
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weights calculations presented in Table 2.3 differ from one instance to another.

Hard constraint violations are not allowed in the WSRP solution. However, time
conflicts constraint is more difficult to satisfy. Thus, the highest priority level is given
to minimise the conflicting assignments 7", where the associated weight A5 is set to the
highest value. In this work, a solution with conflicting assignments is considered to be
an infeasible solution.

The second highest priority to be minimised is the unassigned visits y; where A4 is
set to be very high, but still less than the value of As. This is due to the service provider
requirements for completing as many visits as possible. However, in this thesis, a chro-
mosome representation ensures all visits to be assigned to workers, hence no unassigned
visits violations. This is explained later in the next chapter.

In practice, the service provider may ask workers to undertake visits that are outside
their time availability and/or geographical region. Thus, the next objective priority is
A3, given to minimise the soft constraints penalty, i.e., the number of workers with time-
availability violations ¢}” and the number of workers with area-availability violations 9}“.
As presented by Table 2.3, the weight values for A3, Ay and A5 are relative to the number
of the assigned visits, therefore only assigned visits are violated.

On the other hand, if the service provider could not fulfil the highest preference level;
the fourth priority is given to minimise the preferences penalty through As.

Finally, the lowest priority is given to minimise the operational cost through A;. This
weight value is presented in Table 2.3, where k is the operational cost. Hence, mileage
is calculated for the assigned workers only.

Hard constraint violations are always penalised with a larger weight than soft con-
straints and therefore the total preference penalty cost. Accordingly, Az + Ay + A5 > 1
while A\; < 1. Under those conditions, the objective is shifted to minimise the constraint

violations, by moving the f(S) cost-value closer to the feasible region.

2.3 Problem instances
Problem instances from six UK real-world home health care scenarios are used as

examples of WSRP. The instances data and weights are available at https://drive.


https://drive.google.com/open?id=0B2OtHr1VocuSNGVOT2VSYmp6a2M
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google.com/open?id=0B20tHr1VocuSNGVOT2VSYmp6a2M (blue setting). This
tool also provides alternative weights parameters based on the user specifications. The
green setup avoids preferences calculations and the red setup prioritises operational costs
over the penalty cost.

In this study, six scenarios were used with seven problem instances each, for 42
instances. Table 2.4 shows the main features of each problem instance: the number of
visits, the number of geographical areas (visit locations are grouped into areas), and the
number of workers.

Scenario A is considered the smallest, while instances in scenario F are the largest.
Problem instances in scenario C are of disproportional nature as the number of workers

is much larger than the number of visits.

Table 2.4: Problem features for 42 home health care problem instances.

A B
1 2 3 4 5 6 7  mean 1 2 3 4 5 6 7 mean
Number of Visits 31 31 38 28 13 28 13 26 36 12 69 30 61 57 61 47
Number of assignment 32 31 38 28 13 28 13 26 36 12 71 30 62 57 61 47
Number of Workers 23 22 22 19 19 2 21 21 25 25 34 34 32 32 32 31
Number of Areas 6 4 5 4 4 4 5 6 5 7 5 8 8 7 5
(] D
1 2 3 4 5 6 7  mean 1 2 3 4 5 6 7 mean
Number of Visits 177 7 150 32 29 158 6 80 483 454 585 520 538 610 611 543
Number of assignment 177 7 150 32 29 158 6 80 516 482 623 558 568 655 657 580
Number of Workers 1037 618 1077 979 821 816 349 814 164 166 174 174 173 174 173 171
Number of Areas 8 4 7 8 6 11 6 7 13 12 15 15 5 15 15 14
E F
1 2 3 4 5 6 7  mean 1 2 3 4 5 6 7 mean
Number of Visits 418 425 462 351 461 301 498 417 1211 1243 1479 1448 1599 1582 1726 1470
Number of assignment 440 440 475 363 484 321 521 435 1238 1267 1564 1510 1706 1690 1847 1546
Number of Workers 243 244 267 266 278 278 302 268 805 769 898 789 889 783 1011 849
Number of Areas 13 14 15 13 15 13 16 14 45 46 54 47 59 44 64 51

2.3.1 Why WSRPs are Difficult to Solve?

Figure 2.2 illustrates a group of box plots for each WSRP problem set, that present
the overall total of the number of visits assignments |V'| and the total number of workers
|[W|. These plots provide a useful way to visualise the problem size by the vertical
distance between the smallest value and the largest value, including any outliers.

As it can be seen from Figure 2.2, the gap between the number of visits and the
number of workers increases through the problem sets. Distributing assignments of visits

over a set of workers is very significant in WSRP solutions, therefore any surplus between


https://drive.google.com/open?id=0B2OtHr1VocuSNGVOT2VSYmp6a2M
https://drive.google.com/open?id=0B2OtHr1VocuSNGVOT2VSYmp6a2M
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Figure 2.2: Box plots comparisons of WSRP scenarios dimensions, shown as the
number of visit assignments V' and the number of workers W.
the number of visits assignments and the number of workers results in prioritising one
over the other.

In some of the problem sets, the number of visits is larger than the number of
workers available. Accordingly, any violations of visitations requirements constraints,
such as conflicted visits, increases the value of the penalty function. On the other hand,
in problem set C, the number of visits is less than the number of workers; hence, the
opposite occurs with violations on workforce-related constraints.

The number of visits assignments and the number of available workforce determine
the problem size of a WSRP. A small size WSRP in this thesis has around 50 tasks and
30 workers, as in the case of A and B. Whereas a mix size problem has around 80 visits
and 800 workers or more, as in the case of C. A large problem size has more than 400
visits and around 270 workers, as the case of D and E. Problem set F has an average of
1470 visits and 900 workers, which characterise it as even larger than large instances.

Table 2.5 presents an overview of optimal solutions provided by a mixed integer
programming (MIP) solver in [78]. The cost-values, i.e. objective function values, is
denoted as f(S). The computational-times is denoted as Cpt.

Researchers have reported that real-world instances of the WSRP are difficult to
solve [18, 107]. This was proven further by the MIP, where it was unable to provide
solutions for 24 instances denoted as n/a.

The problem size affects the algorithm performance, where small instances are less
challenging computationally. Hence, MIP has provided optimal solutions for A, B and
some of the C problem set. Nevertheless, the MIP ran out of memory for D, E and
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F problem sets. Thus, larger problems require more efficient algorithms with problem
specific-information.

Note that in [78], unassigned visits constraint is considered as a soft constraint.
However, in this work, it is included as a hard constraint; hence, all visits must be
assigned. Also, the time-conflict constraint is introduced in this thesis, while the study by
[78] avoided conflicts by assigning only available workers with no conflicting assignments.

Table 2.5: Cost-values f(S) and computational-time Cpt (in seconds) for WSRP
instances, produced by the MIP solver.

Problem f(S) Cpt Problem f(S) Cpt Problem f(S) Cpt

1 3.49 7 1 n/a n/a 1 n/a n/a
2 2.49 8 2 3.15 6 2 n/a n/a
3 3 14 3 n/a nj/a 3 n/a n/a
A 4 14 5 |C 4 1115 9 |E 4 n/a n/a
5 2.42 1 5 12.34 55 5 n/a n/a
6 3.55 5 6 n/a n/a 6 n/a n/a
7 3.71 1 7 4.3 1 7 n/a n/a
1 1.7 21 1 n/a n/a 1 n/a n/a
2 1.75 2 2 n/a nj/a 2 n/a n/a
3 1.72 6003 3 n/a n/a 3 n/a n/a
B 4 207 25 | D 4 n/a n/a | F 4 n/a n/a
5 1.82 585 5 n/a n/a 5 n/a n/a
6 1.62 184 6 n/a n/a 6 n/a n/a
7 1.79 300 7 n/a n/a 7 n/a n/a

2.4 Solution Methods for Solving WSRPs

Different methods have been applied to different variants of WSRP, such as home
care [5], home health care [13], scheduling technicians [67], security personnel routing
and rostering [107] and manpower allocation [40]. Solution methods used for WSRPs
included: exact, heuristic and metaheuristics.

A number of studies have applied GAs to real-world problems where scheduling and
routing are combined. Examples include [30, 118]. In those works, the focus has been on
algorithm design in order to obtain good solutions. However, well-known operators and
repair heuristics were used to deal with infeasibility issues. Far too little attention has

been given to introducing new a tailored GA for WSRP. To date, the impact of using
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suitable operators for tackling WSRP instances has not yet been investigated.

Within a WSRP scenario, the visits tasks to be undertaken by workers can be connec-
ted or non-connected. Thus, solution methods can be classified based on the constraints
used into two main categories: time-dependent tasks constraints and non-connected tasks

constraints. Solution methods for these classifications are described next.

2.4.1 Time-dependent Connected Tasks Constraints

Tasks are described to be connected when there is a relation precedence between
tasks or when two or more workers are required. This concept is relatively similar to the
vehicle routing problem with time windows (VRPTW) with synchronised visits [41].

Connected tagks are tackled in WSRPs by a number of studies. For example, the
study by [14] has tackled a daily planning of home care staff scheduling and routing prob-
lem, an airline scheduling problem and a forest operation with temporal precedence and
synchronisation constraints. The applied CPLEX modelling environment has failed in
obtaining solutions for larger instances. Thus, the optimisation based heuristic approach
was proposed. The authors found that in the home care application, more workers were
used if there was no feasible solution found among the regular workers. Thus, they sug-
gested the use flexible time-windows for the synchronised visits. The heuristic proposed
was able to find high-quality solutions quickly.

The use of constructive heuristics to generate a feasible initial solution was widely
utilised in the literature. Such as the study by [101], that has tackled a HHC routing
and scheduling problem. The CPLEX has failed in finding feasible solutions, thus, an
adaptive variable neighbourhood search (AVNS) was proposed with a construction heur-
istic to generate a feasible initial solution. The AVNS was able to solve eight out of
ten instances to optimality and provided near-optimal solutions for the other two within
seconds. The study by [101] has shown the critical role of using adaptive methods in
enhancing the algorithm performance for this type of problems.

A study by [18] applied a mixed integer programming (MIP) solver to solve WSRPs
with connected tasks. Five different datasets, with 375 instances, were taken from the

literature that included connected tasks constraint. Out of the 375 instances, the solver
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found feasible solutions for 356 of them, with a time limit up to two hours. It was not
possible to find solutions, with the same settings, for eleven of the remaining nineteen
instances. The study has revealed that tackling instances with 50 activities or more
required considerable computational time. Hence, a greedy heuristic tailored for such
scenarios was proposed by [17] on only four groups of instances. The greedy heuristic
obtained better results in less time when time-dependent tasks constraints were tackled.

A repeated decomposition method with conflict repair heuristic was combined with a
MIP solver method was presented by [80], using the same set of instances utilised by [18].
The conflict repair used a heuristic that identified the conflicting paths in the solutions in
the sub-problems after the problem decomposition and then repaired them. The solver
provided 84 better results than the greedy heuristic mentioned earlier. However, more

computational time was required.

2.4.2 Non-Connected Tasks Constraints

Some WSRP scenarios have no regards to time-dependent tasks constraints. For
example, a study by [108] presented three types of WSRP problem sets, as a variation
of vehicle routing and personnel rostering problems. Including home care scheduling
problem (HCSP), routing and rostering of security guards (SPRR) and the maintenance
personnel-scheduling problem (MPSP). The only problem that has time-dependent tasks
was SPRR. All these instances aim to construct the shortest routes for a workforce, in
which they visit customers at different geographic locations while respecting a set of
constraints.

These problems were tackled by [108], using an adaptive selection of hyper-heuristics,
which aim to determine the requirements for solving particular instances of the aforemen-
tioned problems. The heuristics were chosen based on selection probabilities, dependent
on a value of the number of new solutions obtained by a heuristic proportional to the
time spent. These heuristics change the order of visits within a route or between routes.
This method has benefited from using the adaptive selection of heuristics by obtain-
ing solutions for problems that are in-line with WSRP. Therefore, adaptive components

are included in this thesis. However, this method is not included in the experimental
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comparisons due to major differences in the objectives and the constraints.

Three decomposition methods combined with a MIP solver was presented by [79].
The first method proposed was a geographical decomposition with conflict avoidance that
identified the unavailability time for every worker. The second method proposed was a
geographical decomposition with conflict repair that used conflicting assignments repair
and heuristic assignment. The third method proposed was a repeated decomposition with
conflict repair that sets the sub-problems size to 20 tasks instead of 20 locations. The
latter has proven to be the best method in terms of solutions’ quality and computation
time. Nevertheless, larger problem instances with hundreds of visits required considerable
computation time (up to several hours), indicating the need for faster solution methods.

The same set of instances were tackled by a variable neighbourhood search (VNS)
algorithm in [127|, using seven shaking operators as problem-specific neighbourhood
heuristics: random flip, area availability flip, time availability flip, preferred worker
flip, preferred skills flip, preferred area flip and priority-based flip. In addition, three
neighbourhood searches were used: randomised hill climbing, priority-based search and
availability violations search. Due to the overusing of problem domain heuristics, the
VNS obtained high-quality solutions in less computation time.

In summary, the current solutions methods for WSRPs are either time-consuming or
require domain-knowledge incorporation in greedy heuristics in reducing issues in WSRP
solutions, such as conflicting assignments, workers unavailability at customers areas and
worker /customer preferences. As a result, this thesis proposes a GA, as a population-
based metaheuristic, composed of problem-specific operators, to ensure the search ability

in providing good solutions within a reasonable computational-time.
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2.5 Summary and Final Remarks

As this chapter has shown, WSRP is a combination of two combinatorial optim-
isation problems, personnel scheduling, and routing, which are known to be NP-hard
[88]. Therefore, the WSRP can be considered as a combinatorial optimisation problem
categorised as an NP-hard problem.

Assignment of routes to the workforce in order to complete all visits while satisfying
all restrictions is a challenging and difficult task. The aim is to minimise the total
operational costs along with the penalty-costs, which are the weighted sum of three
types: the cost of hard constraints violations (time-conflicts), the cost of soft constraint
violations and cost of preference satisfaction penalties.

Applying exact methods was unable to provide solutions for instances with a number
of visits > 150. These sets of instances require efficient algorithms with high computa-
tional power. Thus, efficient methods, equipped with tailored heuristics, were proposed
in order to reduce issues in WSRP solutions.

In the following chapters, a study of the genetic components will be outlined as the
methodology applied for this thesis. Then, a review of the current research on genetic
components used in the related settings is explored. From these observations, suggested
guidelines of how to implement a competent GA to handle these sets of constraints and

objectives successfully will be concluded.



Chapter 3

An Overview on Genetic Algorithms

3.1 Introduction

This chapter introduces genetic algorithms (GAs), used in this thesis as problem
solvers to tackle the workforce scheduling and routing problem (WSRP). First, a detailed
description of the GA elements is stated. Then, limitations of traditional GA approaches
are given when tackling real-world problems, and suggestions are made for WSRP-related
design enhancements to construct a robust GA for the combined settings.

This chapter also provides an overview of previous work that involves the design of
EA components. The review is divided into four parts. The first part outlines different
EA concepts known when tackling real-world applications. The second part reviews the
EA applications in scheduling problems, followed by applications in routing problems.
The fourth part examines the literature related to the WSRP, by reviewing the combined
settings of scheduling and routing problems together.

This chapter aims to help the reader to understand the practical and theoretical
parts of GAs, and to be acquainted with the terminology that will be used later in the

following chapters.

3.2 Genetic Algorithms

Evolutionary algorithms (EAs) are methods that use ideas inspired by biological

evolution to obtain solutions to a particular problem [57]. A sample of potential points
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(solutions), usually randomly generated, are evolved by using different specific operators,
which are biologically inspired. Since the EA makes no assumptions about the underly-
ing landscape of the search space, it often provides a set of appropriate approximating
solutions to all types of problems.

The mainstream instances of EAs are genetic algorithms (GA) [33], evolutionary
strategy (ES) [33], evolutionary programming (EP) [33]. Example EAs include differen-
tial evolution (DE) [154], ant colony optimisation (ACO) [43], memetic algorithms (MA)
[112| and particle swarm optimisation (PSO) [75].

Charles Darwin’s evolutionary theory inspired the GA concepts and was first intro-
duced by [71]. According to Darwin’s theory, individuals in one population battle each
other over limited resources. This method is named as the natural selection or survival
of the fittest. The best individuals, also known by the fittest, have a better chance of
survival. Numerous generations pass and individuals show better characteristics over
evolution in respect to their environment [57].

A GA is a search heuristic that simulates natural selection and represents an import-
ant area in artificial intelligence (AI) [109]. As such, any GA performance is affected
by the design elements. Such as the genetic representation of a solution and the fitness
function outline to be evaluated [72].

To be considered as problem solvers for combinatorial problems, a GA must be
capable of finding solutions quickly, reliably, and accurately. The GA applications have
proved their effectiveness, when used for discrete and real-world problems, since GAs use
population points and required only minor adjustments [152]. This will be discussed in
detail in Section 3.3.

A pseudo-code of a general GA [50] is given below in Algorithm 1. A simple genetic
evolution starts by randomly generated individuals (solutions), collectively named as a
population (step 1). The process of evolving the population, as an iterative procedure,
is called a generation. That is, in each generation, also known as iteration, several steps
of a GA are executed, where each generation takes the information passed on from the
preceding generation. At the generation setup, each individual represents a solution

with respect to the problem. All individuals, in one population, are evaluated and
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their fitness is calculated according to the objective value of the problem being tackled
(step 3). A new population is formed by manipulating the individuals from the current
population, through search operators (steps 4). The algorithm is terminated when either
a maximum number of generations has been produced, computation-time limitations or
suitable fitness level has been accepted for that particular population [109].

Basic components are implemented to design a GA as a solver: chromosome rep-
resentation, population initialisation, fitness evaluation, parents selection and search
operators |51]. The following sections present a detailed description of GA elements that

are used in this thesis.

Algorithm 1 Basic Genetic Algorithm (GA)

1: Randomly create a population P of M individuals

2: repeat

3 Evaluate each individual k € P

4:  Generate new population P’ by recombination and mutation
)

6

Replace P with P’
: until termination condition is met

3.2.1 Chromosome Representation

A solution k is encoded as a vector of variables (C,, Cy,...,Cy), of a length n. A
solution is also known as a chromosome or an individual, where an element C; at the
isp, position in the chromosome is noted as a gene. The complete set of genes in the
chromosome is denoted as genotype. The phenotype is the solution characteristics after
decoding the genotype [142].

The specifications of a given problem must be understood first to be able to identify
the type of the chromosome representation it requires. The solution representation
defines how a GA solves a particular problem [142]. This simple data structure is used in
every step of a GA, thus selecting a suitable representation scheme affects the efficiency
of the search in a GA [109].

Representation schemes are categorised based on the type of values or by the inter-
pretation of values. The variation of these values depends on the problem tackled, such

as binary, octal, hexadecimal, tree or as a permutation [109]. The interpretation of the
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values is also dependent on the problem tackled, such as the sequence or the order of these
variables. To understand the represented solution, a decoding mechanism is required to
transform a chromosome to a candidate solution by interpreting each gene-specific value.

Other representation classifications have emerged based on this process. For example,
direct and indirect representation schemes. The direct representation is a vector that
directly encodes the solution, e.g. a simple permutation of visits, jobs, operations, etc.
[142], in which the relative order of elements is important in decoding a solution.

Table 3.1 illustrates a vector of visit assignments, where indexes are ordered visits
indicating gene positions and contents of genes are the indexes of workers selected from a
set W = {w1, w2, ..., wyy|}. In this example, all visits are assigned, but not all workers
are used in assignments.

For example, let £ =< 3,1,2,1 > be an an arbitrary solution of visit assignments.
The value at the i, position holds the assignment information for the iy, visit, i.e. the
first visit is assigned to worker 3, the second is assigned to worker 1, the third is assigned

to 2, and so on. The order of the chromosome determines which visit is served first.

Table 3.1: An example chromosome of a vector of assignments.

Index | 1 2 3 4 5 ... =n
Content‘wd Wy, Wg Wg We ... Wy

Direct representations are easy to implement and can produce a large number of
encoded solutions in the search space. However, constraints are usually not handled by
the representation, thus it can produce poor solutions that can complicate the search
by getting stuck in an infeasible region[142]. As a result, special encoding schemes are
designed to tackle real-world problems.

Using problem-specific knowledge into the design of the encoding scheme enable
tackling the constraints at the individual level [4]. This type of representation is known
as an indirect representation, in which the generated solution is an abstraction, that
requires an encoding mechanism prior to the chromosome decoding.

A straightforward procedure is often used to transform a chromosome into a candid-
ate solution [142]. As a result, smaller and simpler search spaces are produced. The level

of abstraction must balance between genotype simplicity and fast encoding/decoding pro-
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Figure 3.1: A search space illustration of a minimisation optimisation problem,
shown for a contentious search-space.

cess. An indirect representation scheme, tailored for WSRP solutions, is presented in

Chapter 5.

3.2.2 Initialisation and Evaluation

At each iteration, solutions are evaluated by using the problem’s objective function
f(9), in order to rank all individuals in the fitness landscape based on their quality [109].
Fach individual has a fitness-value that influence the natural selection process. Based
on the problem criteria, the goal is to find the fittest individual, with a smaller or larger
fitness-value, than the best so far solution.

A group of M individuals, usually generated at random, to create a population
P = {ki,ka...,kap}. The aim is to cover the entire search space of possible solutions
to the problem tackled. Figure 3.1 illustrates an example of the search space, for an
optimisation problem [135]. Red circled points are the best candidate solutions. The
fitness value f(S), in this case, is minimised, thus the superiority of one solution over
another is having a lower f(5).

The search space G is divided into a feasible region and an infeasible region. A
feasible region G includes values that satisfy the problem’s constraints, where Vo € G
satisfy all hard constraints. A search space may contain more than one feasible region
that has many local minimum, where the best solution might exist in that region. A
global minimum, on the other hand, has the best solution in the entire search space
[144]. An infeasible region, includes infeasible solutions, where Va € G violate at least

one hard constraint. Thus, the solution space can be denoted as Gr U G; = G, where

GrFrNGr=2¢ [25].
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The size of the solution space is the reflection of the problem size, where a solution
space with many local optima may require a large population size, in order to have more
chance of finding globally optimum solutions [50]. However, more time is required to find
the fittest individual. Therefore, heuristics are usually incorporated in the initialisation
step to control the algorithm speed [144].

When all the individuals in a population have the same fitness-value; no more im-
provements are provided (known also as convergence). Premature convergence occurs
when a population has converged to the same solution, over many iterations, early in
the search. Hence, It is important to maintain a diverse set of individuals throughout

the evolutionary process [42].

3.2.3 Selection

After evaluating each individual, the fittest subset of individuals, are selected with
respect to a selection pressure in order to generate the next generation. The selection
pressure is identified as the selection degree of the number of individuals [61]. The higher
the selection pressure, the more fit individuals are generated. Over the generations,
the selection pressure enforces improvements over the quality of individuals selected.
After creating a pool of offspring, the new individuals are combined with the original
population to maintain the size of the population. This method is repeated until the
stopping criterion is met.

Many selection methods are used in different variations of GAs, such as, fitness
proportionate selection (roulette-wheel selection) [72], stochastic universal sampling [9],
ranking selection [9], and tournament selection [61]. The roulette-wheel selection method
consists of selecting individuals stochastically from one generation to create the next
generation. The fittest individuals have a greater chance of survival than weaker ones.
Hence, fitter individuals have a better probability of survival and weaker individuals are
not without a chance.

A tournament selection is used in this thesis because it allows a balance between
"good" and "worse" individuals into a population [50]. In a population of a size M,

two parents k;, k; are selected from parent lists L1 and Lo, each of size M /2, according
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to their fitness. The two parent lists are created to maintain a biased selection with
different individuals, selected at random from population P.
The best individual of one group is added to Ly and the best individual of the other

group is added to Ly. This process is repeated A times, where A = M /2.

3.2.4 Search Operators
Choosing a suitable operator effects the quality of the generated offspring [162]. Thus,

different types of operators used in this thesis are reviewed in the following sections.

Recombination/Crossover operators

After selecting the parents, from kq,...,M/2, k; € Ly and kj € Ly are combined to
produce two offspring, using a recombination operator, to maintain good features from
the selected parents [69]. The aim is to encourage the search by exploiting the solution
space [51].

Recombination operators in GAs are noted as crossovers with a probability P, to be
implemented. This operator is also known as a mizer, where genes from both parents
are mixed /exchanged to generate an offspring [162].

Many crossovers are tackled in different variations of GAs, which use different meth-

ods to preserve features from parents as explained next.

e k-point crossovers. First implemented by [34] that aims to disrupt the order of
a parent chromosome. A number of k-points are selected, such that genes from

parents are copied to an offspring before and after a crossing point.

Figure 3.2 presents an example of k-point crossovers for a permutation of visit
assignments, where one/single point crossover (1PX) is on the left-hand side, and
two-point crossover (2PX) is on the right-hand side. These are the most common

variations of this crossover, and they work as follows:

— One/single point crossover (1PX). A point is selected at random between 1
and the chromosome length, as shown in the left-hand side of Figure 3.2 with
a red line. The genes before this point are copied from one parent and the

genes after are copied from the other parent.
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— Two-point crossover (2PX). Two points are selected at random, between one
and the chromosome length, as shown in the right-hand side of Figure 3.2

with a red line. Alternating segments are swapped to get new off-springs.

The only drawback for this group of crossovers is that they maintain a large number
of alleles from the parents, at the same position. Thus, there is a slow drift in the

offspring genotype [114].

Parent 1 Parent 1

Parent2 | 3 | 2 |1 |3 (1 ]2 2 Parent2 | 3 | 2 |1 (3 (1|2 2

Offspring 1 2 1 2 3 1 2 2 Offspring 1 3 2 2 3 3 2 2

Offspring 2 3 2 1 3 3 1 3 Offspring 2 2 1 1 3 1 1 3

Figure 3.2: Examples of the k-point crossover, shown for a single-point crossover
1PX (left) and two point crossover 2PX (right).

e Uniform crossover (UX). This crossover is first introduced by [2|, but most often
is credited to [156]. Figure 3.3 shows an example of the UX behaviour for a
permutation of visit assignments. Different from k-point crossovers, the number
of crossing points are not fixed. Instead, a mixing ratio, usually 50%, is used to
choose a uniform random real number « from interval <0,1>. If u < 0.5; then genes
are swapped from parent’s individuals, to be copied into offspring. Otherwise, copy

the same genes with their current positions from the parent’s individuals [22].

The UX is used independently at each string position, hence this crossover is

utilised on a gene level rather than a segment level, as the case in k-point crossovers.

Mutation
Once an offspring is generated, a mutation operator is applied with a probability
P,,, in order to enable global search and explore new possible solutions (ezploration)

[51]. The mutation operator aims to increase the population diversity by escaping local
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Parent 1

Parent 2 3 2 1 3 1 2 2

Offspring 1 3 1 1 3 3 2 3

Offspring 2

Figure 3.3: An example of a uniform crossover (UX).

optima [144]. The mutation rate P,, is the probability of a mutation function being
applied on a chromosome [51]. Different examples of traditional mutation operators,

used in this thesis, are as follows.

1. Random swap mutation (RSM). Selects two genes at random and then swap genes
positions [157]. For example, consider a parent chromosome p; = (5,6,8,2,3,7,9,1,4).
If positions 2 and 8 are selected at random, gene 6 and gene 1 interchange their

positions then the mutated child chromosome o; = (5,1,8,2,3,7,9,6,4).

2. Inversion mutation (IM). Selects two positions within a chromosome at random and
then rearrange the elements in the segment between these two positions |56]. For
example, consider a parent chromosome p; = (2,3,4,5,6,1,7,9,8). If a segment

(4,5,6) is selected, the mutated child chromosome o; = (2,3,6,5,4,1,7,9,8)

3. Scramble mutation (SM). Selects a segment of elements and randomly rearrange
the order of these genes [157]|. For example, consider a parent chromosome p; =
(8,6,1,7,3,6,5,1,9). If a segment (1,7,3,6) is selected, the mutated child chro-
mosome o; = (8,6,3,1,6,7,5,1,9).

This operator tackles a single individual at a time, while a crossover operator, on the
other hand, tackles two (or more) grouped individuals. Problem specific knowledge is

usually integrated into mutations because it provides local alterations on solutions [3].
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Operators types

The combined work of the crossover and mutation operators is the key strength of
a GA. Thereupon, selecting the best combination of operators is essential for a GA
capability to solve any given problem.

Many operators have received much attention in the literature, such as uniform
crossover and k-Point crossover. However, as GAs are expanding into different areas in
optimisation, new operators are constantly being introduced in the literature in order to
produce better results by restricting mating to the feasible region only [76].

In this thesis, there are different types of operators. These operators are grouped by

the mechanism adopted in each operator as follows.

1. Cut-points selection from a parent individual.

(a) Number of cut points, fixed (1PX) or flexible (UX).
(b) Random selection, such as 1PX, 2PX and RSM.

(c) Cost-based selection, where the selected genes affect the overall cost of a

chromosome.
2. Modification on an individual.

(a) Reorder parent genes to generate an offspring (swap, exchange, scramble,

shuffle, inverse and replace).

(b) Introduce new values to be inserted into the offspring genes (flip, insertion).

Traditional operators use step (la) or (1b) with (2a). Most cost-based operators,
existing in the literature, use step (1c) with (2a), i.e., selecting specific genes that affect
the overall cost of an individual and change their order to generate more cost-effective
values. A fully cost-based operator, on the other hand, uses step (1c) and (2b).

In this thesis, two types of cost-based crossover operators are applied. The first type
is an extension of the existing cost-based operators that use traditional and cost-based

functions, introduced in Chapter 4. The second type is a fully cost-based operator,
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introduced in Chapter 5. Mutation operators requires a randomness factor, in order to
delay the convergence and encourage the search. Hence, cost-based mutation applied in

Chapter 4 is a combination of step (1b) and (2b).

3.2.5 GA Parameters

Distinctive features of a GA define the space of possible solutions, such as the pop-
ulation size M, the type of selection process, the type of search operators used and the
values of P, and P,,. These features are denoted as algorithm parameters or strategy
parameters |145].

Parameter values affect the search direction and its capability to find an optimal
or near-optimal solution [47]. However, selecting the right parameters requires many
experiments, especially for real-world problems, where adjusting parameter values is an
important factor for the algorithm success.

Parameter values are categorised into two groups: parameter tuning and para-
meter control as illustrated in Figure 3.4 [47]. Parameter tuning involves finding the
best combination of settings among a static set of values before the run. These paramet-
ers are set by an ad-hoc trial-and-error approach of experimenting with different values
and selecting the ones that give the best results [46]. Thus, parameter values are set
to fixed values throughout the run. This method is used in Chapter 4. However, there
are countless combinations of operators with different parameter values. Hence, a large
number of tests are required.

Parameter control involves changing in parameter values during the algorithm run.
Adaptive parameters assess the different behaviour of a GA at different stages of the
search. The study by [47] has classified parameter control techniques with regard to

different design aspects as follows:
o Elements to be changed, i.e. representation, evaluation, operators or rates.
e Method of change, i.e. deterministic, adaptive and self-adaptive.
e Level of change, i.e., population-level or individual-level.

e Triggers of change, i.e., quality of individuals or the diversity of the population.
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Parameter Settings

Parameter Tuning  Parameter Control

Deterministic Adaptive  Self-adaptive

Figure 3.4: Parameter setting classifications in EA’s [47].

The deterministic parameter control involves changing parameter values based
on a deterministic rule without using any feedback from the search. This method utilises
a domain-specific knowledge as adaptive parameter control which allows alteration
based on a feedback process from the search which determines the value of change.
Self-adaptive parameter control involves encoding the parameter values into the
chromosomes. Hence, the values are influenced by the GA operators.

In the early years of designing EAs, adaptive concepts were used [34] with a few
attempts to utilise parameter control for real-world problems [82, 121, 169]. Dynamic
population size has been used less frequently than adaptive rates control in GAs. Never-
theless, the effects of changing population sizes have been studied and first introduced by
[62]. In the early study by [147], it was claimed that adaptive sizing of GA populations
might be a useful extension to the typical GA.

Another aspect of the adaptive method is using different operators during the search.
This is because different operators can have different performances. Also, the perform-
ance of the selected operator can decline at any point of the search. Hence, using different
operators, selected randomly or according to some feedback, has been suggested to have
better solutions than using one operator throughout the GA [123].

The focus of this thesis is to change the parameter settings dynamically. To do this,
adaptive parameter control methods are proposed in Chapters 6 and 7. The parameters

adjusted are population size, operators functions, and crossover/mutation rates.
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3.2.6 Replacement strategies

The replacement strategy preserves the best-found individuals from each population
while weak individuals are eliminated [97]. This method is either biased to the quality of
solutions or unbiased to the overall fitness value (random replacement). In this thesis, two
replacement strategies are implemented: a steady state replacement and elitist strategy.

The steady state replacement strategy always replaces a small segment of the popula-
tion, usually the worst individuals, during each iteration [170]. The two best individuals,
out of the two parents and two children, are added back into the population.

An elitist strategy, on the other hand, requires that the original population is replaced
entirely, except for a fixed number of best individuals (fit) of each generation. The fittest

individuals are carried over to the next generation |97].

3.2.7 Optimising the GA performance
The GA efficiency is evaluated by: the solution feasibility and the population diversity

[25]. Controlling these features can improve the GA performance. This section explains

approaches used in this thesis.

Diversity Measurements

This element is referred to the distribution of pairwise differences between individu-
als in a population. In general, the diversity can be very high in the beginning of the
evolution process due to the random initialisation. To ensure convergence, the diversity
is reduced drastically in the later generations. The loss of diversity in early stages can
cause premature convergence and can lead up to stagnation [150]. Hence, population
diversification improves the performance of the algorithm by allowing dissimilar indi-
viduals to recombine and then produce better and more diverse solutions. The diversity
needs to be measured and controlled throughout the evolutionary process to encourage
exploration and exploitation.

Different methods were used in measuring the diversity. Such as, difference-based,
distance-based (pair-wise hamming distance), entropy-based, probability-based and an-
cestry (History)-based [32]. Nevertheless, diversity measures are problem-specific and

there is no single measurement that can be applied to all problems [31].
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Diversity measures are categorised with respect to the individual representation, on
genotype space or phenotype space. The genotype space measurement involves calcu-
lating the differences between the genes within all the individuals in a population. The
phenotype space involves calculating the differences between fitness values in a popula-
tion. The composite measure is a combination of both the genotype and the phenotype
measurements [31].

The genotype measurement calculates the pair-wise hamming distance (non-similarity)
between two integers in a solution [111]. This distance-based measurement is widely used
for evaluating the variation of solutions in a population and been proven to be useful for
representation schemes such as the space allocation problem [81]. Thus, this measure-
ment is used in this thesis to maintain a balance between having diverse individuals and

the algorithm convergence.

o~ D)=l

— (M-1)

Variation yp = %100 (3.1)
n

Figure 3.5 show the method for measuring the diversity of a population P for a per-
mutation of visit assignments and works as follows. The level of variation of individuals
is computed by calculating the percentage of non-similarity as given in the equation

(3.1). Where D; is the number of different genes in the 4™ position and n is the length

7)
of an individual in a population P of a size M. In the case of WSRP, n = |V|. The

diversity value for P is Diversity(P) = Variation y)/100.

Constraint handling methods

In general, solutions are generated at random. As a result, there is a chance of
having infeasible solutions that restrict the GA capability, especially when tackling highly
constrained problems with a small feasible search space |51].

To improve the solution quality and increase the number of feasible solutions, problem-
specific information is used in different GA component as constraint handling techniques
while maintaining a diverse population [25].

Constraints handling methods are applied to enforce constraints satisfaction, such
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Figure 3.5: Variation calculation for a population P of a size M.

as applying special encoding schemes, preserving feasibility by using repair heuristics,
penalty functions and tailored genetic operators. Methods used in this thesis are reviewed
in the following sections.

A repair heuristic aims to reduce the number of infeasible solutions in a population.
This heuristic is very problem-specific that varies according to the problem in hand
[5, 66, 178].

A repair operator is recommended to be used for constraint satisfaction problems,
to reduce the number of constraints violations [100]. If a constraint is violated (not
satisfied), then the chromosome is repaired by either adjusting the value of a randomly
selected gene or by using a backtrack repair approach (gene by gene). The latter is
computationally expensive because it requires repairing the entire chromosome. Never-
theless, backtracking repair can ensure feasibility of solutions by repairing all constraints
violations [100].

A penalty function transforms constrained problem to unconstrained problem [25].
Thus, this method is used as a constraint handling technique. An individual is penalised,
according to some weight, if found to be infeasible. According to [15], the penalty
function approach is well-suited for real-world problems.

Cost-based genetic operators are also used in generating feasible offspring within the
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constraint boundaries. To do so, an operator restricts the search to a feasible area only
by allowing offspring that have fitness improvements. This method is explained in more

details in Chapter 4 and Chapter 5, while using initialisation heuristics.

3.3 Research Review on WSRP Related Problems

According to [61], GAs are used as robust problem solvers that show more or less
the same performance over a wide range of benchmark problems. Nevertheless, with the
emergent of real-world problems, problem-specific elements are implemented, especially
when a specific problem is tackled.

The next sections review EA components in WSRP related problems: scheduling
problems, routing problems and the combined setting (scheduling and routing). The
focus is to review the following aspects: 1) representation schemes, 2) feasibility handling

through search operators and repair heuristics, and 3) parameter control methods.

3.3.1 Scheduling Problems

Many researchers have applied different forms of EA variations on scheduling prob-
lems, including resource-constrained scheduling problem (RCPSP), job shop scheduling
problem (JSSP), flow shop scheduling problem (FSSP), nurse rostering problem (NRP)
and task allocation optimisation problem [45], supply chain management, exam time-
tabling, scheduling computing tasks, scheduling laboratory equipment, crew scheduling,
maintenance/rehabilitation scheduling and talent /project scheduling [110] among others.

To solve real-world problems, tailored design elements were needed to fit the problem
domain. For example, different chromosome representations were designed, based on the
problem being tackled. In the early stages of the GA developments, binary encoding
scheme was used widely [173]. Nevertheless, more optimisation problems emerged with
more constraints that required different representation approaches, such as, permutation
representation (order of machines) in makespan scheduling problem [105], Gantt-chart
representation JSSP [103], priority values [38] and machine assignments [178].

Well-known operators were utilised in various problems. The most used crossover

operators in scheduling problems were UX, 1PX, and 2PX. According to [69], the 2PX is
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the most effective crossover for RCPSP, as proven later for FSSP [115]. Recent studies
have also extended well-known operators for the problem tackled, such as, order crossover
(OX) extension that was named linear order crossover operator 52| and 1PX extensions
[99]. Note that OX was originally an extension of k-point crossovers.

Several mutation operators were used and were well established in a variety of studies.
Such as, RSM [171], SM [157|, IM [173] and flip mutation [114]. A shift operator was
also used for scheduling problems that select a random job in the current sequence and
change that job position to another random but different position [173].

When traditional operators were used, repair operators were needed to maintain
feasibility. For example, a study by [66] that has tackled a real-life employee-scheduling
problem, with the 2PX operator, and a problem-specific repair operator that resulted
in good solutions with faster convergence. A GA-based hyper-heuristic and a memetic
algorithm (MA) were used by [29] for scheduling training staff and courses. The MA
is an extension of a GA with a local search heuristic, executed after the GA operators.
The aim in [29] was to maximise the total priority and minimise the time traveled. The
GA has used a direct representation with a random swapping crossover combined and
a repair operator. When these methods were compared, the GA outperformed the MA
in different instances, indicating that the local search might impede the search operator
performance. Using repair operators is computationally expensive as stated in Section
3.2.7. This has encouraged a number of authors to hybridise the GA with problem-
specific components. For instance, heuristic techniques were embedded into the GA to
generate feasible initial solutions that improved the algorithm efficiency [73, 138|.

Real-world applications have incorporated problem-specific information in the rep-
resentations to restrict the search to feasible schedules. The study by |4, 99] used an
indirect encoding of a permutation of the nurses for an NRP. Then, a heuristic-based de-
coder was also used to construct a roster, subject to various constraints. Another study
by [167] investigated different solution representation schemes with different degrees of
directness. The algorithm with indirect solution representation required less computation
time than those with direct representations. It was also shown that indirect represent-

ation could achieve better results in scenarios with large search spaces. Another study
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by [180] described an encoding scheme designed for machines selection and operations
sequencing. The encoding scheme ensured the generation of a good initial population
with better performance when compared to previously published algorithms.

Problem-specific operators were also utilised in the literature to maintain feasibility
between generations. The study by [76] used a GA for a real-world airline crew-scheduling
problem, which included a cost-based uniform crossover that selected genes based on their
costs. Genes with lower cost was passed to the offspring, provided that the offspring is
feasible. A repair operator was also used to avoid infeasibility. Accordingly, the mutation
step was eliminated from the algorithm without any clear guidance on how they tackled
the diversity issue. A peak crossover was introduced by [168] in a hybrid GA for RCPSP.
This operator proved to be very efficient only for difficult instances of the problem, while
simpler instances were not optimality solved.

A number of studies have confirmed the effectiveness of adaptive parameter control
for scheduling problems. A study by [99] has used three heuristic approaches to select
a crossover operator out of 16 different crossover operators. The aim was to reduce the
time considered in tuning the algorithm for a specific crossover. This method selects the
best operators with the best solutions. The results have outperformed any previously
found solutions. Various GAs have considered similar concepts for selecting a parameter,
especially for real-world problems, where time is more crucial. For example, the study
by [124] that attempted to evaluate the impact of adaptive GA (AGA) for the flexible
job-shop scheduling problem (FJSP). The study has reported that AGA dealt with any
fitness landscape change by increasing the population search coverage and delaying the

convergence. Thus, AGA was able to overcome the traditional GA shortcomings.

3.3.2 Routing Problems

Some real-world problems have similar characteristics to the WSRP, but still not
considered as WSRPs in this thesis. One example is the family of routing problems
that require assignment to different locations. Therefore, this section focuses on EAs
applications in two variations of routing problems, the travelling salesman problem and

vehicle routing problem.
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The Travelling Salesman Problem (TSP)
The Travelling Salesman Problem (TSP) is a NP-hard problem. To solve this prob-

lem, a path between a list of cities must be found with a minimal cost, and then returning
to the city of origin [85].

Similar to WSRP, TSP is considered a cost minimisation problem and requires trav-
elling between different locations. Thus, it can be claimed that TSPs are a generalised
setting for the WSRP, as the case with many variations of the scheduling and rout-
ing problems [84]. Many EAs have been employed to solve the TSP, as reported by
[1, 44, 84, 86, 95, 96].

Scheduling problems have used a representation scheme that was sensitive to the
relative order of elements, e.g. resources, jobs or visits. Routing problems, on the other
hand, require a representation scheme that is sensitive to the absolute positions of the
elements, e.g., in TSP, a city j is listed in the position i if there exist a tour leads from
city i to city j [1, 176]. Various chromosome representations were developed for routing
problems, such as path [1], ordinal, adjacency and matrix representations [176].

When the initialisation results in infeasible offspring tours, repair algorithms were
necessary to assure feasibility. For example, a random key representation was used by
[148] for the generalised travelling salesman problem (GTSP), with a local tour im-
provement heuristic. Solutions were encoded using random keys, with genes filled with
random numbers drawn uniformly from [0, 1) that guaranteed feasibility. This process
has demonstrated the merit of using a simple encoding scheme, in addition, to repair
operators on the performance of the GA.

Based on the representation scheme implemented, different crossover operators were
utilised for the TSP, such as 1PX [65]. Nevertheless, this crossover, in particular, was
reportedly not suitable for the TSP because the sequence of cities was destroyed, resulting
in near to random solutions. Accordingly, there was a large volume of published studies
on problem-specific crossover operators for the TSP in order to preserve the order of

genes. These operators were grouped with respect to their representation as follows:

e Position-based crossovers

Preserve the absolute positions of the cities from the parent chromosomes.
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1. Partially matched crossover (PMX) was developed by [64] for the TSP. This
crossover eliminates duplicate genes and recovers all position information
from the parent’s tours by preserving the absolute positions of the cities

when they are copied [130)].

2. Cycle crossover (CX) was proposed by [119]. This crossover copies a subset of
cities from one parent with their positions from the other. The initial subset
of cities is not necessarily located at consecutive positions in the parent tours.

Hence, many edges can be broken in the process [130].

e Order based crossover
Preserve the relative order of the cities from the parent chromosomes. One example
was the order crossover (OX) [61], which was an extension of the 2PX, that uses

random cut points.

The most widely used operators in TSPs were OX, CX, and PMX. It is important to
realize that order-based crossover was better than position-based crossovers, as reported
by [153]. According to [1, 130], the OX was considered one of the best genetic operators
used for the TSP and has been commonly used in GAs [10, 77].

Researchers have also extended the implementation of these crossovers to increase
their capabilities, such as the uniform order crossover (UOX) [24] and uniform partially
matched crossover (UPMX) [23]. In the study by [16], a multiple travelling salesmen
problem (MTSP) was tackled with two-part chromosome crossover (TCX). The OX
was used for the first part of the chromosome along with an asexual crossover [20] for
the second part of the chromosome. The TCX improved the GA search performance,
overcame the representation limitations, and improved solution quality. Hence, tailoring
the operators to the chromosome encoding can enhance the GA performance.

Problem-specific crossover operators were also used for T'SPs. For example, the study
by [164] that presented an edge assembly crossover (EAX). This crossover was the best
among other crossovers for large TSP problem sets, when combined with local search
method, indicating the benefit of using repair operators in TSPs.

Mutation operators, such as random bit flip; using a binary string, was not applicable
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to the TSP. Therefore, swapping and scrambling genes was applied in the literature, such
as IM and insertion mutation (ISM) [84]. They also extended these operators, such as
multiple extension of the IM, proposed by [137] to explore the search space efficiently.
Another widely used mutation operator for routing problems was the 2-opt mutation,
proposed by [92]. Every gene is examined to be swapped and then reordered.

A combined mutation method was presented in [35] that included inverted exchange
mutation (IEM) and inverted displacement mutation (IDM). The IDM was the best
operator among a group of well-known operators. However, it was computationally
expensive. This further proves that using a process that is more problem-specific in a
mutation can produce better results but affect the algorithm speed.

Tuning parameters require a large amount of time to optimize the GA performance.
Thus, adaptive control methods were used for the TSP. Researchers have claimed there
was no superior crossover over the others when using GAs for the TSP. Therefore, some
studies have investigated the use of multiple crossover processes to combine the work of
a group of operators. A random operator selection was first applied by having different
performances, at each iteration. A multi-operators GA has been presented in [27] with
a variation of 14 crossover operators and 14 mutation operators to solve the TSP with
permutation representation. Researchers have reported the effectiveness of using auto-
matic combinations on the GA performance. However, finding the adequate proportion

of operators for one combination required more time than using one operator.

The Vehicle Routing Problem (VRP)

This is a combinatorial optimisation NP-hard problem, that aims to obtain optimal
routes for vehicles to perform a task or service a number of customers [163]. According
to the problem constraints, different variations of VRP have been presented in the liter-
ature, including time restrictions, vehicle limitations (capacity and maximum distance to
travel) [163]. Variants of VRP studied are capacitated vehicle routing problem (CVRP),
distances of a constrained vehicle routing problem (DCVRP), vehicle routing problem
with time windows (VRPTW), vehicle routing problem with backhauls (VRPB) and
vehicle routing problem with pickup and delivery (VRPPD) [163].
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The routing component of the WSRP is related to variants of the classical vehicle
routing problem (VRP), in particular, the vehicle routing problem with time windows
(VRPTW). Thus, EA applications are reviewed throughout this section to identify the
best evolutionary components that can ensure the algorithm performance.

Even though that there are many similarities between VRPs and TSPs, more al-
gorithm specifications were needed due to the variety of constraints in the VRP. For
example, most research on VRP has used an indirect representation scheme that needs
to be interpreted as a concatenation of vehicle routes as follows. First, a permutation of
integers, was created. Then, the chromosome was broken into several different routes,
equal to the number of vehicles [19]. Each route is composed of an ordered subset of
locations to be visited according to some constraints [132, 158, 172|. The splitting pro-
cess has allowed the evolutionary operators to transform a solution into a number of
permutations, and therefore generate feasible individual routes [134].

According to [181], conventional k point crossover operators were not applicable to
VRPs because it produced invalid offspring with have duplicated genes. Thus, most
studies have utilised routing crossovers which have initially been developed for the TSP
but can also be used for vehicle routing. The study by [133] has suggested that OX
has proved to be the most suitable crossover operator for VRP-like problems. Mutation
operators, on the other hand, used in VRP, were IM, RM and RSM [74].

A vast majority of the literature has emphasised the importance of hybridising the
GA with heuristic repair operators, penalty function [102] as well as problem-specific
operators [12, 149] to provide better GA performance [19, 132|. Thus, heuristic-based
operators and improvement methods were utilised, which were designed for a specific
constraint |65, 84, 159].

Repair operators were usually used for "fixing" un-routed customers in a route or
reduce duplicated information. This was the case in [131], that has proposed two tailored
crossover operators that divided the arcs selected into two solutions, sequence-based cros-
sover (SBX) and route-based crossover (RBX). The solutions provided by the operators
were infeasible. Thus, a repair operator was applied to the offspring to generate a new

feasible solution with a local search mutation to split each route of an offspring randomly
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into at most three routes. A problem-specific mutation was also used in [12] to reduce
the number of routes by utilising Solomon nearest neighbour heuristics [149].

Different studies have explored the idea of using a mix of different crossovers. A
study by [134] included a mix of the eight crossovers or the three mutations, where
one operator was activated randomly with equal probability and all combinations were
ranked according to their performance. The study suggested that this approach has
produced better results than using any operator in isolation.

Another study by [123] proposed a novel adaptive multiple crossover population
algorithm. Three different routing problems (TSP, CVRP, VRPB) were selected, Cros-
sovers selected were OX, modified order crossover (MOX) [137] and OBX, for the TSP
with 2-opt mutation. On the other hand, half uniform crossover (HX) [49] and half ran-
dom crossover (HRX) [123]| were chosen for the CVRP and VRPB with vertex insertion
routes mutation[123]. The algorithm obtained solutions in less run-time than classical
GA because it made fewer crossovers.

Multiple-operators were also used in VRP with heuristic-based crossovers. For ex-
ample, the study by [26] for the capacitated arc routing problem that used an MA, which
was incorporated with a local search heuristic, and four problem specific self-adaptive
multiple crossovers method, based on diversity. The ranking depends on the fittest in-
dividuals along with the crowding distance ensured exploring the search space further.
This method has improved convergence speed as a result of balancing the diversification

methods with operators cooperation, and intensification methods with local search.

3.3.3 The Combined Scheduling and Routing Problem

Many optimisation problems are considered to be a variation of WSRP, starting
with the minimisation variation of the generalised assignment problem (MINGAP) [55],
resource-constrained scheduling problem (RCPSP) [7] and VRPTW [37].

According to [30], RCPSP is assigning a set of tasks to be performed by a finite set of
resources according to their capacity. Routing problems, on the other hand, focus only
on minimising the travelling costs. These descriptions have a similar outline to WSRP,

with an addition of designing a minimum cost-plan for workers.
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In this section, the problems reviewed include travelling between locations, with ob-
jectives similar to the WSRP and constraints such as skill level, working regulations, and
customer /worker preferences. Different methods were applied, such as exact, heuristic
and metaheuristic methods [116, 139]. The later is the focus of this section.

Some methods used metaheuristics approaches that enforced scheduling workforce
and route planning simultaneously [13|. Other approaches used a two-stage method to
tackle the scheduling after the routing [6]. Constructive heuristics were used to generate
feasible initial solutions in a fast manner. Then, improvement heuristics were used later
to improve the quality of solutions |6, 13, 141].

Constructive search and variable neighbourhood search (VNS) were established to
tackle a real-world workforce scheduling problem in the study by [140] on the same set of
problems used by [30]. The goal was to enhance these methods by using variable fitness
function (VFF) with evolving weight. The method improved the quality of solutions and
allowed a wider exploration of the search space to consume less time for improvements.
Although VFF is a very effective approach that outperforms other approaches, it is a
difficult method to design and require more time to adapt the objective weights.

In the study by [93], a permutation chromosome was generated with a combination of
constructive heuristics. This method has used OX crossover operator, mutation operators
(1-lexchange, 1-0 relocation, 2-Opt exchange, and 2-Opt* exchange) and local search
improvements. However, researchers have claimed that there were no real-world home
care problems instances, thus they tested their method on test instances based on existing
VRPTW benchmarks as variants of HHC problem. On average, the proposed GA was
slightly worse than the tabu search, also proposed in that study.

A study by [107] has tackled six benchmark problems of the security personal schedul-
ing problem (SPSP) with two selection mechanisms of hyper-heuristics. They proved that
using online learning provided better selections of heuristics than a random method for
WSRP. They extended their work in [106] by using a dynamic hyper heuristic on HHC
problem with connected visits, that was first presented by [39]. In the later study, they
solved the problems with a branch-and-price framework. Both methods provided better

performances than the manual method used in practice.
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There are a few established applications of EAs for the combined problem. Never-
theless, special attention was given to the methods that solve the problem optimality,
considering its nature yet without any considerations of the recombination operators
that were not discussed explicitly in the literature.

A study by [30] has used a multi-objective GA (MOGA), on a real-world workforce
scheduling problem. The main objective was to maximise the scheduling priority while
minimising the travelling time and constraint violation, caused by non-optimal allocation.
A permutation of tasks was used along with search operators, without stating their types
or rates. A comparison was held between two MOGA and seven weighted sum objective
function. The MOGA outperformed the weighted sum methods because it eliminated
the difficulty of defining a set of weights. Applying this method to different scenarios
might require changing the objective function to a simpler form.

A particle swarm optimisation (PSO) was utilised in the combined settings to focus
on solving the problems without any considerations to the operators. The study by
[5] tackled scheduling home care workers problem by minimising the distance travelled
providing that the capacity and time window constraints of services were not violated.
Indirect representation techniques have also been used. However, solutions still required
more improvements. Researchers used a local search heuristic in the initialisation step
to evaluate the earliest start time priority with minimum distance assignment (ESTP-
MDA). This was followed by the application of the heuristic assignment technique for
sequential allocation of tasks to each worker based on priority. In order to find the best
combination of parameter values, parameter tuning has been performed using Taguchi
design of experiments. The PSO has obtained better results than the manual approach
and ILOG solver. The integration between PSO algorithms with local search heurist-
ics by the adoption of a local improvement procedure (LIP) technique was successful
in making the algorithm more efficient. Nevertheless, applying local search techniques
can cause fast convergence to sub-optimal solutions. In order to avoid this problem,
establishing effective population diversity strategies was required.

Another attempt to tackle the combined settings by PSO was the study by [67], which

tackled the assignment of technicians in British Telecom (BT) with hard constraints such
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as job duration, travel times, working times and staff qualifications. This was carried out
in order to minimise incomplete work by considering coordinates of the service centers
and job locations. The authors proposed a modified version of the traditional PSO by
excluding the velocity calculations and using six different neighbourhood topologies for
determining the optimal position of the particles. A two-dimensional permutation rep-
resentation and a repair heuristic were used. The PSO was compared with three different
methods [67, 113, 165], and obtained the best solution, highlighting the advantages of
hybridising EAs for this type of problems.

A metaheuristic for routing real-world home service transport systems was proposed
by [54] with interdependencies between assignments. The method consisted of two stages,
creation of walking-routes and optimisation of the transport system. Improvement heur-
istics were required to find a suitable solution, especially for larger instances.

The patient assignment problem for a HHC problem was tackled in [179] using a GA
to estimate the travel times of caregivers. The GA was initialised with the randomly
generated matrix chromosomes; OX crossover and RSM mutation with high crossover
rates and low mutation rates. The authors have reported a need for improvements.
Hence, more problem-specific heuristic approaches should have been presented in this
work, e.g. repair heuristics or heuristic-based operators.

Four metaheuristics methods were compared for the multimodal HHC scheduling
problem, i.e. different modes of transportation [70] on a single instance set. This study
utilised two initialisation methods to generate a solution: a constraint programming (CP)
based approach that uses a decomposition method and a simple random construction
procedure to seed the metaheuristics. After generating initial solutions, greedy heuristic
was used to improve the jobs starting times. Then, the following methods were applied
one at a time: VNS, simulated annealing hyper-heuristic, MA and scatter search (SA).
MA used problem-specific recombination and mutation operators with high rates. The
results showed that population-based meta-heuristics, MA and SA, have obtained the
best results. The researchers claimed that the problem-specific operators can be used in

similar problems.
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3.4 Guidelines for designing a GA for real-world
problems

Table 3.2: Evolutionary characteristics considered in works related to scheduling
and routing of workforce.

Scheduling Routing Combined
Representation Direct Encoding [29, 120, 167] [1, 19, 122 [30, 67, 179]
p Indirect Encoding [4, 167] [93] [5, 70, 70, 93, 101]
One-Point (1PX) [120]
Two point (2PX) (66, 115]
Uniform (UX) [69] [1]
Half-Uniform (HUX) [123]
Partially-Matched (PMX) [4] [1]
Crossover Operators Cycle (CX) 1
Order Crossover (0X) [115] [1, 16, 19 [93, 179]
Multiple Crossover [27, 123]
Problem-Based [76, 168] [122] [70]
Random Swap (RSM) [171] [74] [179]
Scramble (SM) [157]
Mutation Operators Inversion (IM)  [171, 173] [1, 74, 137]
Flip (FM)  [115, 120] [36]
Problem-Based [19, 93, 123, 132] [70]
. . Repair heuristics [29, 66] [83, 129, 148] [5, 70]
Constraint Handling Penalty Functions [29, 99] [129] [30]
. Parameters  [120, 124]
Adaptivity Operators [27, 48] [1, 123] [107]

Table 3.2 shows evolutionary characteristics considered in works related to scheduling
and routing of the workforce. As shown from the table, the literature has explored
various concepts to tackle real-world problems, such as, special representations schemes,
different constraints handling methods, problem-specific operators and different adaptive
parameter /operators selections. Three characteristics have emerged from the literature

that define how to use GAs as problem solvers for real-world problems:

1. Hybridising a GA with heuristics in order to maintain a level of feasibility.
For example, using initialition heuristic in chromosome representations to build

feasible initial solutions, with respect to constraints satisfaction |5, 70, 70, 93, 101].

Heuristic-based repair operators were also used to "fix" infeasible solution [5, 70].

However, one disadvantage of this operator is that a GA might be dependent on
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the repair function to improve the performance, in which it can be computationally
expensive. Additionally, heuristic-based repair operators can restrict the search to

a local minimum.

2. Genetic operators must be adapted to the problem.
In the literature, many operators were extended from generic operators or problem-
specific operators were designed to suit the problem criteria [70]. The more difficult
the problem, the more complicated is the operator process. A well-designed op-
erator can encourage solution space exploration and enhance the performance of

the GA.

3. Using adaptive components enhances the algorithm performance and its efficiency.
A traditional parameter tuning approach was used for scheduling and routing
problems separately with parameters values used for solving the combined settings
problem instances [30]. Different parameter values might have provided better
results on those instances. An adaptive parameter control method has been proven
to improve the algorithm speed, especially if an adaptive operators selection was

used with well-designed operators [1, 123].

3.5 How to design a GA to solve WSRPs?

The process of designing a GA for a given practical problem starts by understanding
the solution space for that problem. To do so, methods for solution representation,
fitness calculations, and parameter values must be identified clearly. If these elements
are implemented correctly, they can contribute to the GA efficiency and the quality of
the results.

The study by [63] has recommended integrating problem-domain information in the
GA design to be able to tackle a challenging problem. Therefore, this thesis further
investigates the suitability of a set of problem-specific heuristics and genetic operators
in solving WSRPs. The aim is to construct better solutions from partially good WSRP
plans, passed from previous iterations. Genetic components used in this thesis are listed

below:
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10.

. Two chromosome representations are used: direct representation in Chapter 4 and

an indirect representation in Chapter 5.

. One selection method is used throughout the research: tournament selection in

Chapters 4,5,6 and 7.

. Seven well-known crossovers are used: k-point crossovers, UX, HX, PMX and OX

in Chapters 4, 5 and 7 and a CX is used in Chapter 4.

. Three well-known mutation operators (RSM, IM and SM) are used in Chapters 4

and 5.

. Two replacement strategy are used: a steady state strategy in Chapter 4 and an

elitist strategy in Chapter 5,6 and 7.
Two repair heuristics are used in Chapter 4.

A penalty function is used in Chapters 4,5,6 and 7.

. Five problem-specific crossover operators are used in Chapters 4,5,6 and 7.

. Three problem-specific mutation operators are used in Chapters 4,5,6 and 7.

A parameter tuning method is used in Chapters 4 and 5. A parameter control

method is used in Chapters 6 and 7.

Note that each component, well known or problem specific will be adapted to specific

settings and assumptions of WSRP. Despite the fact that each component is designed

individually, all elements combined to act as one algorithm that performs better than

independent heuristics [72]. This thesis will provide an important opportunity to in-

vestigate design methods of components for WSRP. To improve a GA performance, the

following concepts are considered to ensure the GA success.

1.

2.

Define each genetic component in the evolutionary process, where individuals

evolve through these stages.

Understand each genetic component challenges in the combined settings.
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3. Ensure a good mixing (crossovers) of selected solutions.

4. Supply diverse and feasible chromosomes, as the outcome of the recombination

process and the mutation application.

5. Balance solution quality and convergence times.

Figure 3.6 illustrates an input-process-output model (IPO) of GA components for
the WSRP. The inputs are the raw data used as XML files. Each instance is interrupted
by a data retrieval tool developed by [128]. This tool is recommended to be used with
different solution methods to reduce the time spent on implementing the same set of
objectives and constraints.

The GA starts by initialising candidate solutions, for each instance of the WSRP,
to go through the evolutionary process. When the stopping criteria are met, the best
solution is generated as an output as a one-day plan. As far as the GA process is
concerned, selecting suitable elements, which are coherent in the design context, can

enhance the performance.

Workforce Scheduling and Routing Problems
A

o olutionary Proce S

Evaluation

1

Selection

\

—_—

Crossover

Figure 3.6: Input-process-output model (IPO) of GA components for WSRP.



CHAPTER 3. AN OVERVIEW ON GENETIC ALGORITHMS 56

3.6 Summary and Final Remarks

Basic GA components, contributing to the overall performance, were reviewed in
order to outline the background and definitions of methods that will be discussed in later
chapters. In general, GAs are used as problem solvers that include different operations,
such as generating new offspring and evaluating individual quality.

This chapter explores the implantation of EAs in works related to scheduling and
routing of the workforce. In real-world problems, the stochastic approach of a GA does
not guarantee feasibility. As a result, various ways have been identified for dealing
with constraints. Usually, special encoding schemes, problem-specific operators, repair
heuristics, and penalty functions are used. It is suggested by the literature survey con-
ducted in this chapter that heuristic-based approaches and problem-specific information
are incorporated in the design of the genetic components. The more complicated is the
problem domain, the more is the necessity to apply problem-specific elements.

Using suitable parameters affects the GA components performances, which contribute
to the algorithm efficiency. Tuning the parameters is one of the major research questions
in the GA community, nevertheless in real-world optimisation problems [47]. Thus,
adaptive methods are usually used to make the GA more robust.

This chapter also presents design guidelines to tackle real-world applications, such as
WSRP. Numerous studies have specifically utilised algorithms with fewer operators, such
as PSO. Even when GA’s operators existed in the literature, exact parameters values
were usually used without any justification. There was a few of research on what special
characteristics should genetic components have to solve WSRPs.

Given to these guidelines, this thesis will present an investigation on different GA ele-
ments under the WSRP. Moreover, this thesis will focus on the importance of presenting
an effective algorithm. Gathering experimental evidence in the following chapters can
provide an understanding of the effect of using different design elements on the algorithm

performance for WSRP.



Chapter 4

Selecting Genetic Operators for

WSRP

4.1 Introduction

According to the literature survey conducted in Chapter 3, it can be concluded that
EA applications, developed for WSRP, focused on developing algorithms only to produce
good solutions, without investigating the suitability of operators involved. Nevertheless,
repair heuristics have been widely used to deal with infeasibility issues in such problems
[5, 67]. Heuristic operators benefit the performance of EAs when tackling WSRP [117].

This chapter conducts an in-depth study of the performances of different combina-
tions of operators and heuristics when tackling instances of the WSRP. Their behaviour
is analysed within relatively straightforward implementations of two GA variations. The

specific objectives of the research presented in this chapter are:

1. To examine the effect of repair heuristics on reducing constraint violations, in a

randomly generated individuals.
2. To understand the relationship between the repair and the genetic operators.

3. To identify the best combination of operators, that maximises the satisfaction of

customers and workers preference constraints, in simple GAs.

57
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4.2 Genetic Algorithm and Operators

The implemented GAs work as follows. First, an initial population P of M individu-
als or one-day plans are randomly created, which can result in infeasible solutions with
hard constraints violations. Thus, a time-conflict reduction (TCR) operator is applied
to each individual in the initial population to reassign visits and reduce the number of
time-conflicts. Next, a worker suitability repair operator (WSR) is applied to reassign
workers and ensure the suitability of the worker for each visit. Details of the evolutionary

process, operators used, TCR and WSR are given later.

4.2.1 Chromosome Representation

A simple direct representation scheme is proposed in this chapter. In this solution
scheme, all visits are assigned. Figure 4.1 illustrates an example of solution representation
of a vector of integers of a length |V/|, shown in subplot (a), for a WSRP instance plan,
shown in subplot (b). Coloured nodes are workers wy, we, and w3 while white nodes are
visits 1...9, scattered in different locations.

Indexes in the chromosome indicate the set of visit assignments 7. The size of
the chromosome is the number of assignment |V|. For example, the i*" gene in the
chromosome means the corresponding visit with index ¢ € T'.

The number of visits are known but the time separation is needed to be determined
by optimisation. Thus, indexes are associated with visits in a non-decreasing order of
start time to increase the possibility of obtaining a feasible initial plan. In this way,
index 1 is for the visit with the earliest start time and index |V| is for the visit with
the latest start time. In case of similar starting times, the algorithm ranks the visits
according to their duration [117].

The content of a chromosome is workers assigned to that visit. i.e., one worker per
visit. Thus, the worker w at the i*" position shows a worker assigned to visit i. For
each visit in the vector, a worker w is selected at random from the set of workers W. A
worker may undertake more than one visit, and some workers may not be utilised as a
part of a particular one-day plan.

The order of the visits based on their starting time can influence a worker’s selection
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Figure 4.1: An illustration of a WSRP chromosome representation (a), for an in-

stance with 9 visit assignments and 3 workers (b).

(first visit, first assignment). For example, given a chromosome k =< 3,1,2,3 >, the

first visit with the earliest time is assigned to worker 3, visit two is assigned to worker 1.

4.2.2 Steady State GA vs. Generational GA

Two GAs are implemented in this study: a steady state genetic algorithm (SSGA)

and a generational genetic algorithm (GenGA) [170]. Such relatively simple algorithms

were selected to analyse the emergent behaviour and performance of the operators on a

straightforward GA implementation.

After the TCR, the evolutionary process for each GA is executed as follows. For the

SSGA, there is only one population P of size M during the whole evolutionary process,

where parents are selected, and the offspring are inserted.
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Two parents i, j are selected by tournament selection from the parent lists L1 and Lo,
each of size M /2. Six different individuals are selected at random from P and split into
two groups of three, to create a parent list. The best individual of one group is added to
L1, and the best individual of the other group is added to Ls. This process is repeated
until the two lists of parents are complete. Then, for 4,7 from 1,...,M/2, parent i in
L1 and parent j in Lo are combined through crossover, producing two offspring. The
next step is to apply mutation operator. A mutation operator is applied with probability
P,, to the generated offspring. The mutated individual k" replaces k, regardless of the
objective function value. The recombination plus mutation process is implemented on
the two parents; the best two individuals out of the two parents and the two children
are added into P, while replacing the worse individuals, for M to remain constant.
Then, the WSR operator (described below) is applied to infeasible individuals within
the population, according to the hard constraints violations.

For the GenGA a new population is created at the start of each generation. The re-
combination plus mutation process is repeated M /2 times until the new population P’ is
complete. At this point, individuals in P are sorted in non-decreasing order of their fit-
ness. The best 10% of solutions found are never removed from the population. However,
the worst 10% of individuals in P’ are replaced by randomly generated individuals to
introduce diversity into the population. After this, the new population replaces the old
one, i.e., P = P’. Then, the WSR operator is applied to infeasible individuals. Finally,

P’ is passed to the next generation.

4.2.3 Repair Operators

Time-conflict reduction (TCR) operator

Algorithm 2 shows the steps for repairing time-conflict violations. Each pair of visits,
1 and j, are compared to identify any time-conflicts, i.e., the same worker w being assigned
to the two visits at the same time (lines 1-6). If there is a time-conflict, worker w is
replaced in visit j by another worker w’ € Q7. selected from a list of preferred workers
QV for a visit j (line 10), if that list exists, or selected at random otherwise (line 8).

Because TCR is applied only once on an individual, by removing one pair of visits at
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a time, it cannot ensure that all conflicts are removed, but it does reduce their number.

Algorithm 2 Time-conflict reduction repair (TCR)

Require: individual &’
1: fori<« 1to |V|do

2:  for j+ 2to |V|do

3: Let wi, be the worker assigned to visit ¢ in &’
4: Let wi/ be the worker assigned to visit j in &’
5: Let € be the list of preferred workers for visit j
6: if wi, is conflicting with w, then

7: if ¥ is Empty then

8: Choose a random worker w' € W

9: else

10: Choose a random preferred worker w’ € (¥
11: wy = w

12: end if

13: end if

14:  end for

15: end for

Worker suitability repair (WSR) operator

Algorithm 3 shows the steps for WSR that seeks to improve the suitability of workers
for each visit, and it works as follows.

For each visit in an individual, the assigned worker is checked against the skills
requirements, maximum hours constraints and time-conflicts, i.e., the hard constraints
listed in Table 2.1 (lines 1-3). If the worker does not satisfy these requirements, the
operator aims to find another worker who is feasible for that visit (lines 4-6). If no such
worker can be found, the operator leaves the original value in place.

The WSR operator cannot ensure that all visits have a suitable worker, but it does
improve the overall assignment concerning the constraints. Note that WSR implement-
ation occurs in two stages of the GA: after the TCR, and then again after the mutation

operator in the optimisation process.
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Algorithm 3 Worker suitability repair (WSR)

Require: An infeasible individual &

Ensure: An individual £/
1: for i < 1 to |V| do
2:  Let w® be the worker assigned to visit 7 in k
3:  if w' is violating constraints for visit 7 then
4 for w’' <1 to |W| do

5: if w' is suitable for visit i then

) ,

7

8

w' = w'"
end if
end for
9: endif
10: end for

4.2.4 Genetic Operators

This chapter aims to select the best configuration of crossover and mutation oper-
ators that can tackle the WSRP within the SSGA and GenGA. Twelve operators are
implemented, well-known operators plus cost-based operators tailored for the WSRP.

Ten well-known operators were chosen after a literature survey of operators applied
in WSRP-related problems. The operators selected are divided into two groups. One
group has five scheduling operators: single-point crossover (1PX), uniform crossover, two-
point crossover (2PX), half-uniform crossover (HX) and random swap mutation (RSM).
The other group has five routing operators: order crossover (OX), cycle crossover (CX),
partially matched crossover (PMX), inversion mutation (IM) and scramble mutation
(SM). Note that all considered crossovers work with chromosomes that are represented
as vectors of customer visit assignments.

Cost-based operators have been applied in the literature to produce improved results
by restricting mating to the feasible region only [76]. Two cost-based operators have
been purposely designed to improve the satisfaction of soft constraints in the WSRP.
Nevertheless, other constraints are ignored in the operator’s design. Thus, the total cost

of the solution can be increased.
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Cost-Based Uniform Crossover (CBUX)

Shown in Algorithm 4, CBUX operator works as follows. Each position ¢ for the
two parents, corresponding to the worker assigned to visit ¢, is processed one at a time
(line 2). The availability, regarding time and area, of the worker assigned to visit 4, is
examined for each parent. If both parents have an available worker in that position, their
gene is copied (denoted as U) to the corresponding offspring (lines 5-7). If no parent
has an available worker in that position, offspring 1 gets the gene from parent 2, and

offspring 2 gets the gene from parent 1 (lines 13-14).

Algorithm 4 Cost-Based Uniform Crossover (CBUX)

Require: parent p; and ps
Ensure: offspring o; and o9
1: 01,0 < new empty individuals
2: for i < 1 to |V] do
3:  Let w} be the worker assigned to visit ¢ in p;
Let w’ be the worker assigned to visit ¢ in p,
if One w or w}, called w', is available for visit ¢ then
01 <— o1 U w'
09 < 09 U w'
else
01 < o; U}
10: 09 < 09 U wi
11:  end if
12: end for

Cost-Based Mutation (CBM)

Shown in Algorithm 5, this operator seeks to ensure that workers assigned to visits
are among those considered as preferred workers for that visit.

As part of the input data in the problem instances considered here, a list of preferred
workers is given for each visit as defined by the patients. Then, for position ¢ in the
individual, CBM tries to assign one of the preferred workers for that visit 4, only if the

one already assigned is not a preferred worker (lines 4-6).
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Algorithm 5 Cost-Based Mutation (CBM)

Require: individual &

1: Choose a random mutation point i € {1,...,|V|}
2: Let w' be the worker assigned to visit 4 in k

3: Let Q0 be the list of preferred workers for visit 4
4: if w' € QO then

5:  Choose a random preferred worker w’ € €

6:  w' = w

7: end if

4.3 Experimental Study and Results

Experiments were conducted to evaluate the performance of different operators, de-
scribed earlier in this chapter, aimed at satisfying customers’ and workers’ preference
constraints (mentioned in Chapter 2). The goal of these experiments was to select the
best suitable combinations of operators, that can be later embedded in a more efficient

approach. Each combination was one crossover operator with one mutation operator.

Table 4.1: Operators and parameter settings used in the experiments

Parameter Settings
M  Population size 100

Crossover operators 1PX, 2PX, UX, HX, PMX, OX, CX, CBUX
P, Crossover rate 1%, 10%, 50%, 100%

Mutation operators RSM, IM, SM, CBM
P,, Mutation Rate 0.01%, 1%, 10%, 30%

Running time O minutes

GA required a set of parameters to be initialised to represent the GA population.
Thus, all combinations were initially implemented using different configurations as shown
in Table 4.1 on the problem instances (from A to E) described in chapter 2. However,
the algorithms were unable to produce acceptable results for problem set F.

The running time was limited to 5 minutes in the initial experimentation in order to
understand the behaviour of the combinations rather than obtaining good solutions. The
best performing configurations were selected in further experimentation by increasing
the computational times, to compare the performance of the selected configurations. See

Appendix B for all results using the above parameter settings.
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One of the major issues in the random direct representation was allowing infeasible
individuals throughout the search process so that the end result can have individuals
with a high number of constraint violations. Thus, reducing hard constraint violations,
such as skills required, maximum hours requirements and time-conflicts, was needed to
maintain feasibility in WSRP solutions. Thus, additional settings were implemented to
examine the effect of the TCR and WSR operators on the quality of solutions.

As GAs are stochastic techniques, it required a number of runs to average the al-
gorithm performance, to reduce the effect of having initial random seed. For each GA, 32
mutation-crossover combinations with 16 different rates were applied, while including or
excluding WSR. Hence, 32 x 16 x4 algorithm configurations were executed 8 independent
runs. The best cost value was obtained from each set with the same amount of time.
This means a massive amount of computation time but since it was possible to execute
parallel runs, the total time was drastically reduced but still accounted for many days.
The machine used had a four-core processor with hyper-threading enabled and 16GB of
RAM, and the code was implemented in Java.

Since each mutation operator was combined with one crossover operator at a time,
to compare the results for each dataset, average values of runs were computed. These
values were normalised over all instances for one problem set.

For instance, given the maximum and minimum values among all the results x =
(f(S)1,..., f(S)n), the normalised value was calculated according to equation (4.1).
Where f(S)rermatised means the " normalised data. The reasoning behind value nor-
malisation was because there was a different scale of the results for different groups of

values for instances in one problem set.

normalised __ f<S)Z — MZ?’L(f(S))
PR = M (7(8)) — Min(7 ()

(4.1)

The percentage gap between the best-known values was also calculated according to
equation (4.2), to compare a method y performance to a method = performance. Since
WSRP was a minimisation problem; the smallest cost value out of all methods was

considered as the best cost-value. Every comparison will subtract the best value from
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the current value and normalised according to the best value. The absolute value was

calculated to avoid negative value.

x 100 (4.2)

ABS(y — x)
gap = —— ——

In order to compare between different combinations, the following three metrics were

used to measure the performance of the combinations of operators:

Dev% Average percentage deviation from the best objective function value (best solu-

tion of all the configurations applied).

Best A fraction of instances in a set for which a configuration matches the best objective
function value (best solution of all the configurations applied). This performance

metric was absolute and can be compared across existing results in different tables.

Score A fraction of the instances for which the current method produces better solu-
tions than the other configurations, i.e. ‘wins’. This score was calculated as
((gx(p—1))—7r)/(gx (p—1)), where p is the number of configurations compared,
q is the number of problem instances, and r is the number of instances in which
the p—1 competing configurations find a better result. Hence, the best score value
is 1, when r = 0, and the worst score value is 0, when r = ¢ x (p — 1). Thisis a
relative measure of performance. Hence, these values are only meaningful within

a table of results and not across different tables.

4.3.1 Performance of Repair Operators
The purpose of the first set of experiments was to assess the contribution of the repair

operators, TCR and WSR, on the overall evolutionary process.

Time-conflict Reduction (TCR)
Figure 4.2 shows the average number of the total time-conflicts after initialisation,
in each of the problem instances, without (blue striped bars) and with (solid grey bars)

applying TCR. The lower the bar, the better, i.e., the fewer conflicts. The percentages
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Figure 4.2: Effect of TCR on the initial population, shown for SSGA (blue stripes
bars) and GenGA (grey solid bars) with the diversity percentage.

shown on the top of each bar are the average population diversity for all instances
(calculates as explained in Section 3.2.7).

Overall, TCR has managed to reduce the number of time-conflicts significantly. Ex-
cept for problem set C and E. The two GAs have succeeded in obtaining less conflict
violations in A, B, and D. When TCR, was used, SSGA obtained less violations than
GenGA in B instances while GenGA provided better initial solutions for A and D.

In problem set C, there were no significant differences between using TCR or exclud-
ing it, for either GAs, with a marginal decrease of less than 0.04% when TCR was used.
In the case of problem set E, SSGA had resulted in more time-conflicts violations with
an increase of 24.93% when TCR was used. It can be argued that reducing the number
of violations for problem sets C and E was a difficult task, especially when SSGA was
applied due to the random initialisation.

Even though TCR was applied on different configurations, it resulted in different
results, because of using WSR after the TCR. These results illustrate the GenGA su-

periority over SSGA while using TCR. A closer examination of the result was required
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to understand the different behaviour of the GAs, especially on problem sets C and E.

Generating an initial population was computationally expensive when TCR was ap-
plied. On average, for SSGA, the computation times to obtain initial solutions increased
by 0.54% for A, 18.23% for B, 16.52% for D and 20.06% for E while there was an increase
in computation-time for C with random initialisation. For GenGA, the times to obtain
initial were increased by 17.02%, 32.59%, 2.18%, 18.84% and 17.88% for all instances
sets respectively. This result was expected, as TCR aims to find a better assignment of
workers when time-conflicts arise. The more time spent on reducing the violations, the
better the solution quality. Nevertheless, on problem set E, SSGA has required more
time when TCR was used that resulted in more time-conflicts violations.

Since WSR was still applied for both cases, WSR attempted to reduce the skill
requirements in addition to TCR reductions of time-conflicts. For problem set C and E,
when TCR was applied, less time was required, as a result of the SSGA early convergence
to local minima, which prevented WSR to improve the solution’s quality.

The main idea of random initialisation was to generate solutions that cover the search
space. Repairing violations on random solutions might restrict the search space to a
feasible area only. Therefore, Figure 4.2 show the population diversity, to understand
the TCR effects on the population.

On average, the population diversity for SSGA increased by 0.77%, 1.71%, 2.69%,
4.28% and 4.48% in A to E instances respectively. On the other hand, there was an
increase of diversity for GenGA of 0.02%, 2.11% and 3.79% in A, D and E instances,
with a decrease in percentage in B by 11.31% and C by 1.03% instances.

The loss of diversity has affected the quality of the solutions, especially in the problem
set B, where TCR have obtained more violations. Thus, using diversity maintenance in

the initialisation method was required to ensure better GAs for WSRP.

Worker’s Suitability Repair (WSR)
As explained in Section 4.2, WSR was applied to individuals that present hard con-
straint violations. To investigate the effect of using WSR, the p value was calculated as

the average total number of WSR used for each instance run, up to the last iteration,
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Figure 4.3: Effect of TCR on the GA dependency on WSR by using the gap to the
smallest average value of u, shown for SSGA (blue and red bars) and
GenGA (grey and green bars).

i.e., the average total number of repair needed for each instance.

Figure 4.3 presents the relative gap percentages to the smallest p value for all in-
stances. The bars in the graphs illustrate the values of each method when TCR was not
applied (blue and black striped bars) and when TCR was applied (red and green solid
bars). The bars are only used to visualise the overall performance of the WSR across all
sets. The lower the bar, the better, i.e., the closer to the best-known results.

Regardless of the method applied, there was only a slight reduction of WSR usability
when TCR was used as shown in Figure 4.3, compared to when not using it. For example,
the absolute differences between SSGAs were: 0.01, 0.03, 0.02, 1.23 and 1.70 for all
problem sets. The absolute differences between GenGAs were: 0.07, 0.30, 0.06, 0.06 and
0 for problem sets from A to E.

Note that the there was no difference between GenGAs for problem set E. This
means the same amount of repair was used in both algorithms. At the same time,
more apparent differences were identified for instances A1 to Do. These observations are
explored further in the next section.

For smaller problems, i.e., problem sets A and B, the SSGAs utilised less WSR than
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GenGAs. This is because SSGA integrates the offspring into the population immediately,
as part of the mating pool. Moreover, SSGA only generates two individuals at each
iteration. Consequently, WSR was only used to improve the quality of one population.

On the other hand, in GenGAs, the population was reproduced at each generation,
with 10% of random individuals. This process has encouraged the search by increasing
the diversity. Thus, WSR was used more in GenGA as a result of having more time to
apply more improvements.

The effect of having different problem sizes was shown further in Figure 4.3, in
the case of the problem set C. When the number of assignments |V| was small, the
chromosome size was limited. Hence the SSGAs get stuck in local minima with less
WSR usability. As in the case of problem sets C (C2, C4, C5, and C7).

The opposite occurred when |V| was large, the mating pool was more diverse, and
SSGA has more time to improve the quality of solutions, yet more violations occur
in comparison to GenGA, due to an increase in diversity. Thus, GenGA requires less
improvements in larger problems when compared to SSGAs, as in the case of D and E
problem instances in addition to C1, C3, and C6.

Another factor in using less WSR in SSGAs was related to steady state replacement
process that only repaired new individuals, which was inserted back into the same pop-
ulation that was seeded with TCR. This method was computationally faster in large
instances, resulting in more WSR used. This resulted in a drift in the quality of the
solutions that led to higher time-conflict constraints violations.

To investigate the overall effect of WSR on solutions quality, the number of hard
constraint violations for the best solution found was recorded after a running time of
5 minutes. Fach bar in Figure 4.4 represents the average number of hard constraint
violations ¢, skill requirements violations (grey stripes bars) and time-conflicts violations
(black solid bars). The lower the bar, the better, i.e., the less violations.

Since maximum hour requirements constraint was satisfied for each problem instance;
it was not included in the Figure 4.4.

In scenarios A and B, weights associated with hard constraints violations in the

objective function were high enough only to provide feasible solutions, especially when
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Figure 4.4: Hard constraints violations occurrences in the best solution found by
SSGA* SSGA, GenGA* and GenGA, as reported in the last iteration.
WSR was applied. However, in scenarios C, D, and E, there was more tendency to obtain
infeasible individuals with high constraint violations, in particular, time-conflicts.

In problem set C, skill requirements constraint violations were reduced. At the same
time, there was a slight increase in time-conflicts constraint violations when using SSGA
and a considerable amount of violations while using GenGA. This was also reflected in
scenarios D and E as presented in Figure 4.4.

Skill requirements were constraint violations reduced when using WSR. However,
time-conflicts seemed to be more challenging, with a slight increase in the problem set
D. It appears that WSR prioritised skill requirements constraints over time-conflicts,
and therefore both algorithms encountered difficulties to obtain feasible solutions under
a limited computational time. Hence, each constraint must be repaired individually.

The results in this section suggest that using repair operators have succeeded in
reducing constraint violations on various problem instances, however, more time was
needed. Their overall performances were affected by the problem dimensions and the GA

design. For example, some instances had obtained more violations on hard constraints
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when WSR was used, in particular on time-conflicts, while other violations were reduced.
The reason for this was even though time-conflicts have been reduced by the TCR in the
initial population. However, these violations were not eliminated.

Utilising generic operators in the evolutionary process have contributed in increasing
time-conflicts, even though WSR was used. Hence, a more efficient approach needs to
be used to restrict initial solutions to a feasible area only and to seed the GA with
better solutions in that respect. Also, the algorithms were limited to only five minutes
as a running-time, indicating that the algorithms require more time, especially in larger
problems.

In these experiments, the goal was to understand the repair operators behaviour
rather than to study the convergence rate under the limited time. Given more time,
more WSR will be used to repair a larger amount of constraints violations on those set

of instances with additional time for the evolution process.

4.3.2 Maximising Preferences-Constraints Satisfaction

The second set of experiments was designed to select the best combination of the
genetic operators that maximise customer/worker requirements and preferences satisfac-
tion. To do so, operators listed in Table 4.1 were examined by statistical analysis to
determine their performance as explained next.

Four mutation operators (RSM, IM, SM, CBM) and eight crossover operators divided
into three different groups: routing crossovers (OX, CX, PMX), scheduling crossovers
(1PX, 2PX, UX, HX) and a cost-based crossover (CBUX). Each of the crossover was
combined with one mutation at a time. However, only the best-performing crossover
from each group was presented in Table 4.2, while using the performance matrices meas-
urement (explained in Section 4.3).

The values were calculated based on the average preferences satisfaction values for
each run. The aim was to identify the best crossovers for each mutation by grouping
crossovers based on their category, the best routing operator, the best scheduling operator
and the CBUX operator presented here. Each mutation has three crossover operators

values, and the best crossover out of the three was highlighted in bold. Thus, mutation
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Table 4.2: Performance comparison of crossover operators grouped by category
(routing, scheduling, cost-Based) under a mutation operator.

Mutation RSM IM SM CBM

Crossover 1PX OX CBUX | PMX UX C(CBUX |PMX UX CBUX | PMX IPX C(CBUX
Dev% 2.09% 0.84% 4.00% | 0.57% 1.45% 2.98% |0.73% 1.31% 3.65% | 1.21% 1.17% 2.78%

SSGA #Best  0.37 0.54 0.09 0.71 0.17 0.11 0.66 0.20 0.14 0.37 0.46 0.17
Score  0.53 0.71 0.26 0.79 0.50 0.21 0.79 0.53 0.19 0.63 0.59 0.29

Crossover PMX 1PX CBUX | PMX 2PX CBUX | PMX UX CBUX | PMX UX (CBUX

GenGA Dev% 7.50% 2.31% 2.23% | 7.92% 3.09% 2.46% | 6.81% 1.88% 1.21% | 11.85% 1.72% 3.16%

#Best  0.23 0.51 0.40 0.23 0.51 0.37 0.31 0.43 0.54 0.26 0.46 0.37
Score  0.34 0.71 0.56 0.37 0.61 0.61 0.43 0.66 0.63 0.31 0.70 0.54

Bold text refers to the best result.

operators were not compared in this table.

The GA was executed using the highest crossover rate P, = 100% to ensure crossovers
utilisation on the whole population. On the other hand, P,, = 30% was selected to allow
a balance between the search and convergence, i.e. if the P, value was high; there exists
a risk of that a GA might "jump" over a promising area with good solutions. If the P,
value was small; there was a chance to get stuck in local minima.

The differences between the SSGA and the GenGA were highlighted in Table 4.2,
where different operators performed better for each algorithm. This indicates that the
operators perform differently under different GAs. For SSGA, OX and PMX provided
the best scores, with the highest number of best values and the lowest deviation when
combined with all mutation operators.

For GenGA, 1PX and 2PX provided the best score for RSM and IM with the highest
number of the best values. However, CBUX obtained the lowest deviation for those
mutations. With SM, CBUX was selected as the first competing crossover because it has
a lower deviation, even though UX has better score value. Additionally, UX provides
the best score value with the highest number of best solutions and lowest on deviations
among the compared crossovers for CBM. The best combinations were considered in the
next overall comparison.

Even though the results were not shown in the table, the CX crossover has obtained
the lowest value of the preference satisfaction results when combined with all mutations.
This result was caused by the CX process that preserves the relative order of genes in a
chromosome [153]. Nevertheless, in this problem, keeping the same order of genes from

parents have affected the overall cost and resulted in poor offspring.
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Table 4.3: Performance comparison between the best combinations of operators (
mutation - crossover )

SSGA GenGA
Procedure RSM-OX IM-PMX SM-PMX CBM-1PX ‘ RSM-1PX IM-2PX SM-CBUX CBM-UX
Dev% 1.44% 10.78% 3.46% 14.51% 2.37% 7.31% 2.77% 5.67%
#Best 0.40 0.00 0.31 0.29 0.46 0.14 0.34 0.31
Score 0.72 0.23 0.62 0.43 0.67 0.31 0.63 0.52

Bold text refers to the best result.

Table 4.3 shows a comparison between the chosen combinations from Table 4.2 to
identify the best combination for each GA by using the same performance measurement
matrices explained above. The best combination was highlighted in bold.

The results indicate that RSM—OX and RSM—-1PX obtain the highest score and the
smallest deviation value among all methods, with the maximum fraction of the best
solutions of 0.40 and 0.46 for SSGA and GenGA respectively.

Cost-based methods failed to achieve good results in comparison to the generic oper-
ators. The CBUX selects workers based on their availability, as discussed in Section 4.2.
Also, CBM has selected workers based on customer’s preferences; it was not the best
nor the second best based on performances matrices. This result was due to the search
space restrictions, that led to an infeagible area, by ignoring other constraints. However,
when combined with more generic operators, they generated more diverse individuals
with high deviation among all mutations.

The best values obtained by the combinations of operators were compared for each
instance. Best combinations for SSGA were: scenario A, SM—PMX; scenarios B and
C, RSM-0OX and for scenarios D and E, CBM-PMX. Best combinations for GenGA
were: scenarios A and C, SM-CBUX; scenario B, RSM-1PX; scenario D, RSM-1PX
or IM-2PX and scenario D, CBM-UX. This result further confirm that larger problem

instances of WSRPs require more domain knowledge when tackled with a simple GA.

4.3.3 Effect of Using Different Combinations of Operators
with Different Rates

Suitable parameter settings ensure better performance of the GA [146]. The best
combinations identified for customers’/workers’ preference constraints, might not be ap-

plicable for SSGA and GenGA with different settings. Therefore, more experiments were



CHAPTER 4. SELECTING GENETIC OPERATORS FOR WSRP 75

Mutation Rates P, Crossover Rates P,
[«b}
5060 e | 041 e o 1
g o’ , e
g 0'4 | 4 \\ /. | T o - =X \\
MI ;\\\\\\\ ////x 02 [ 1‘:‘\\\ B
Z02] e e e - ok - X
an) A N AP AL
S \\<¥~~>_:(‘\/// S //’/ \\/\\)& A;/—.
o, 0+ Ao A A~ B G A - 0+ U Y U ® -8 N
<
U | | | | | | | | | |
A B C D E A B C D E
-e- P,— 0.001--- P,— 0.01 -e- P.—0.01--- P.— 0.1
-e- P,=01 -+- P,=0.3 -«- P=05-+- P=1

Figure 4.5: Performance comparison between different rates. Each line represents
the relative gap between the best known rate, mutation rate P, (left
plot) or a crossover rate P. (right plot), corresponds to the problem.

conducted to understand the overall effect of different operators.

Each mutation-crossover combination was tested with different crossover rates P,
and mutation rates P,, to establish significantly relevant results in selecting the best
combinations of operators.

Figures 4.5 and 4.6 present a clear understanding of a specified rate/ operator per-
formance. Each point in the graphs corresponds to the average gap value for all methods
implemented (SSGA*, SSGA, GenGA* and GenGA). The x-axis shows the problem sets
while the y-axis shows the average gap percentage to the best average values. The dashed
lines in the graphs, joining 5 points, illustrate the average values across all problem sets
and were only used to visualise the overall performance.

Figure 4.5 illustrates the performance comparison of all combinations for mutation
rate Py, (left-hand plot) and crossover rate P, (right-hand plot). The lower the line, the
better, i.e., the closer to the best-known results.

Mutation rates in Figure 4.5 was drifting towards high mutation rate value (P,
=30%) thus proving high rates to be considerably more effective than a low mutation
rate. The reason for this was that high mutation rates increase the diversity and avoid
premature convergence, henceforth improving the solutions’ quality in the long run.

The right-hand plot shows a comparison of different crossover rates. Similar to
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Figure 4.6: Performance comparison between different genetic operators. Each line
represents the relative gap between the best known solution, produced
by a mutation operator (left plot) or a crossover operator (right plot).,
corresponds to the problem.

mutation rates, the lines were aiming towards higher rates (50% and 100%) to enforce
recombination; hence better results were obtained. Therefore, high rates, P, =30% and
P.=100%, were the key factor to better performance regardless of the GA used.

Figure 4.6 illustrates the performance comparison of all combinations of mutation
operators (RSM, IM, SM, and CBM) in the left-hand plot, as well as all crossover op-
erators (1PX, 2PX, UX, HX, PMX, OX, CX, and CBUX) in the right-hand plot. The
lower the line, the better, i.e., the closer to the best-known results.

Based on the lines left-hand plot, it was clear that RSM and SM succeeded in ob-
taining the best values in regard of mutation operators. The dashed lines for RSM and
SM were relatively similar in all methods except for D, where an apparent gap between
RSM and other operators. Reallocating existing genes, in two positions or more, boosts
the diversity and henceforth provide better results. However, IM have obtained poor
results as a consequence of the inefficient time spent in building an offspring.

The study of the performances of the crossover operators presented in the right-
hand plot shows that 1PX, 2PX, and OX achieved the best cost values. There was a
defendant evidence that OX was the best crossover operator for smaller instances as a
result of its overall process, where a sub-sequence of genes were selected from one parent
and preserving the relative order of nodes from the other parent.The genotype disruption

has managed to obtain unbiased individuals that were different than their parents.
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Larger problems dimensions required more time to build offspring. Hence, they
needed faster functions, such as 1PX and 2PX. Those set of instances have less necessity
to use problem-specific operators, such as CBUX and CBM, while generic operators
succeeded when combined with RSM and SM respectively.

These results prove previous conclusions from Table 4.3. Therefore, these operators
were the best combinations to maximise the preferences or for the best overall perform-
ance of the GA.

Table 4.4 presents the selected operators and rates for each problem set in WSRP
when using SSGA and GenGA. Apparently, when WSR was not used, a high P. and P,
value was required. No WSR means less time to repair and more time for the operators.
Another observation concluded from this table was that different operators were suitable
for various instances. This was because of the different operator process that works
differently for each instance. For example, problem set uses routing crossover operators

PMX and OX while problem set E uses scheduling crossover operators.

Table 4.4: Selected settings for 35 WSRP problem sets used.

A B C D E A B C D E
Crossover Operator PMX HX PMX 1PX 1PX Crossover Operator UX  OX PMX 2PX 1PX
P, 1.00  1.00 1.00 1.00 1.00 P, 1.00 1.00 1.00 1.00 1.00
* © * ©

SsGA Mutation Operator ~ SM ~ CBM SM  RSM SM GenGA Mutation Operator SM  RSM RSM RSM RSM
P, 0.30  0.30 0.30 030 0.30 P, 0.30 030 0.30 0.30 0.30

Crossover Operator  2PX  PMX PMX 2PX 1PX Crossover Operator  OX  OX  OX PMX 2PX

P. 1.00 050 1.00 0.01 0.50 P, 1.00 1.00 1.00 0.50 0.50

SsGa Mutation Operator  RSM  RSM  RSM  SM  SM GenGA Mutation Operator  SM  RSM  RSM RSM RSM
P 0.30  0.30 0.30 030 0.30 P 0.30 030 030 0.01 0.30

4.3.4 Computational Results for WSRPs Instances

The suggested parameter settings were implemented on WSRP problem sets with
more running-time to allow more search operators to converge to better results. For A
and B, 10 minutes, for C, 15 minutes and D and E, 60 minutes.

Table 4.5 presents the best results for all instances. The columns under SSGA* and
GenGA* show the cost-values obtained by different combinations while excluding the
WSR. operator, while the columns under SSGA and GenGA provide the best values
obtained under the stopping criterion for each combination while including WSR. All

values were averaged, and only the best combinations were presented. The remaining



CHAPTER 4. SELECTING GENETIC OPERATORS FOR WSRP

78

Table 4.5: Cost-values f(S5) and computational-time Cpt (in seconds) for WSRP
instances, produced by SSGA and GenGA selected operators, crossover
probabilities P, and mutation probabilities P,,.

SSGA* SSGA GenGA* GenGA

f(S) Cpt f(5) Cpt J(S) Cpt J(S) Cpt

1 5.58 249.94 5.16 56.61 3.49 181.04 3.50 328.17

2 4.98 204.95 3.38 39.15 2.93 174.92 2.82 285.04

3 6.41 953.44 7.44 111.22 3.65 323.58 3.12 507.95
A 4 2.72 248.62 2.80 44.17 1.44 207.77 1.44 386.99
5 3.85 42.94 3.21 4.40 2.42 4.97 2.45 60.23

6 5.48 194.39 4.17 55.90 3.56 182.88 3.56 276.54

7 4.96 15.94 4.5 4.31 3.71 7.84 3.73 177.87

1 3.83 25.94 2.11 78.08 1.77 305.78 1.78 413.14

2 2.65 3.47 2.72 4.21 1.76 58.48 1.75 128.18

3 8.36 175.81 2.85 550.78 2.04 435.89 1.89 573.99

B 4 5.51 27.38 2.93 44.85 2.10 306.30 2.10 345.31
5 7.03 113.24 3.41 335.18 1.94 418.09 1.94 547.77

6 7.40 86.73 2.16 273.79 1.70 418.94 1.72 460.10

7 8.21 110.96 3.20 351.44 1.93 475.04 1.89 504.27

1 394341.83  798.36  324555.66 866.74  662253.71  589.90 75208.26 571.95

2 5.18 4.62 4.12 1.26 3.55 409.96 3.78 353.33

3 261333.44  638.02 21140522 816.67 382247.00 576.78 61351.66  569.88

C 4 440.26 280.84  312.23 59.03 222,60  367.07  120.71  522.53
5 530.79 185.45  364.46 58.34 120.64  341.05 80.76 400.95

6 293445.66  722.82 237271.89 816.86 467311.69 534.08 70786.55 532.68

7 4.98 2.33 5.08 0.99 4.30 43.63 4.30 215.92

1 1560506.99 3587.93 2742067.51 3155.68 2530135.41 3596.58 2189058.06 2645.13

2 955096.64 3518.80 1655755.36 2804.58 1321745.19 3596.89 1129456.71 2847.66

3 6084146.85 3582.11 7973238.46 2814.94 7793159.03 3594.57 6671199.21 2833.55
D 4 2588691.22 3593.84 4150410.90 3253.95 3766073.54 3594.14 2978199.33 2735.71
5 3720708.50 3584.42 4713830.98 2582.71 5051573.31 3597.80 3907863.67 2792.75

6 8014609.32 3582.28 9889700.46 2451.58 9910391.21 3585.91 8689761.69 3183.55

7 7842175.01 3600.27 9440076.60 3129.99 9346339.16 3590.40 7890003.91 2801.70

1 275371.06  3583.78 90868.20 3586.18 205793.51 3597.53 63658.08 3579.86

2 447792.39  3586.77 251200.99 3554.57 154360.39 3596.89 115080.39 3573.83

3 367955.32  3579.78 227864.93 3564.41 588658.24 3596.89 150792.89 3521.00

E 4 415148  3580.78  66.10  3587.40 2293 359539  20.57  3591.63
5 516214.01  3597.31 223424.70 3552.50 223395.15 3598.28 164878.31 3584.25

6 47.86 3564.00  46.48  3579.99 7.61 3585.40 6.31 3586.50

7 657978.25  3582.37 400784.56 3531.31 548383.93 3597.16 257467.44 3541.26

Bold text refers to the best result.

column Cpt show the computation-time where the best value was found in seconds.

It appears that GenGA* and GenGA have provided better results than SSGA* and

SSGA for A, B, C and E. However, to verify the above observations, three issues were

taken into consideration: the GAs behaviour with each instance, the WSR effect on their

performance and the best computational-time.
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Genetic operators performed differently when WSR was excluded. Not only there
was an evident change in the performance, but also some instances have obtained better
overall f(S) when excluding WSR, such as GenGA* in scenarios A and B and SSGA*
in scenarios D. Not using the WSR gave more time for the evolution process.

In D and E, high rates required more time, and hence the repair was not applied.
Instances in problem sets C needed WSR to minimise constraint violations. Therefore,
combining WSR as a repair operator with any combination of generic operators was
equally important in this GA design, particularly for the more complicated instances.

Having steady state replacement benefited the SSGA to provide better performance
by obtaining the best results for problem set D. As previously illustrated in Figure 4.3,
SSGA utilised more WSR on problem set D. These conclusions also apply to the results
in Table 4.5, where better results were provided in these instances by allowing WSR to
improve the quality of solutions and escape local minima.

Another previously stated conclusion, from Figure 4.6, was the best-performing muta-
tions under the methods applied. The results in Table 4.5 show that PMX, UX, and HX
obtained the best results across all instances when combined with RSM and SM; how-
ever, CBM managed to get some of the best results. This indicates that problem domain
knowledge needs to be incorporated in the operators for more complicated instances.

Results reported in Table 4.5 show the average computation-time when the best
solution found over all the runs. The average computation-time was as follows: SSGA*,
SSGA, GenGA* and GenGA were 1528.69s, 1515.69s, 1583.49s and 1556.96 s , respect-
ively. WSR was computationally expensive when comparing it to not using it. This
outcome might be caused by the time elapsed to minimise the constraint violations.

Clearly, SSGA provided solutions in less time than GenGA. Regarding algorithm
speed, the SSGAs was faster, with poor results in problem sets A, B, C, and E. Despite
the fact that the cost values need to be improved, this study has helped in understanding

the performance of a set of combinations and rates under two different simple GAs.
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4.4 Summary and Final Remarks

This chapter investigated the suitability of a set of operators, by a performance
comparison between twelve operators, on WSRP instances. Thirty-five HHC scenarios
were tackled by a steady state genetic algorithm (SSGA) and a generational genetic
algorithm (GenGA) with common objectives. Constraints in these problems included
those related to workers’ skill qualifications, time availability and time-conflicts.

A time-conflict reduction heuristic (TCR) has managed to improve the quality of
the initial solution by reducing time-conflict occurrences. A worker suitability repair
operator (WSR) was used to reduce the violation on constraints into two stages of the
GAs, after the TCR and then again after the mutation operator in the optimisation
process. The GAs obtained good results that can be enhanced further by utilising the
WSR operator, regardless of the combination of genetic operators used. The GA provided
solutions faster when using WSR, than when not using a repair process. However, other
constraints were ignored initially, and the conflicts were not reduced enough to provide
feasible solutions. Hence, other constraint handling methods must be applied to restrict
the initial solutions to a feasible area only, such as special encoding schemes.

Another factor in reducing the constraints violations used in this chapter was the
weights associated with constraints violations in the objective function. They were able
to help the GAs in reducing the number of constraint violations. For example, in small
instances, weights were high enough to only provide feasible solutions with the help of
WSR. However, when the number of visits > 100, many constraint violations was not
reduced, and time-conflicts constraints violations were increased.

As mentioned in section 4.2, a chromosome was a vector of integers of length equal
to the number of assignments, |V, consequently, the GA’s speed was affected by the
instances dimensions. Even though the same repair operators were used, the overall per-
formances vary according to the problem dimensions and the GA design. Any violation
in the solutions delays the algorithm speed by performing more repairs. This was an
important consideration, especially in the case of real-world problems, where generating

good solutions was critical. This tendency to obtain more violations can be controlled
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by regulating the quality of individuals in the early stages of the GAs.

In this chapter, two new variations of operators were proposed with problem domain
knowledge for solving the WSRP. Additionally, existing well-known generic operators,
three mutation operators and seven crossover operators, which have performed well on
related problems were selected for WSRP.

From the results, existing operators such as RSM and OX performed the best under
WSRP; however, the proposed operators were neither the best nor the next best in all
WSRP scenarios. To establish a better performance of a simple GA, mutation operators
with limited changes were needed that allow small variations on the long run. At the
same time, crossovers that create more disturbance in an offspring might undertake more
time to converge but guarantee dissimilar offspring than their parents.

Achieving feasibility in solutions was a serious challenge for most known genetic
operators. Traditional operators obtain better results but still far from the optimal. The
cost-based recombination operators find it challenging to combine good features of the
parents as a result of disorganised chromosome encoding.

The GA design was restricted to utilising basic evolutionary procedures without any
improvements. Even after incorporating a repair operator, infeasibility was a serious
issue. This was apparent in the results when compared to the optimal values obtained
by the MIP solver. Thus, using more efficient methods is recommended to create feasible
initial solutions. The process of algorithm tuning was also time-consuming, and the
selected parameters values were not necessarily the best. While this study goal was
not to present a competitive GA design, the results did partially substantiate of the
possibility of getting better performance while using the ideas of repair heuristics, TCR
and WSR. The next chapter intends to present a design of a more tailored algorithm to
solve the WSRPs, which uses problem-specific representation and operators to exclude
infeasible solutions. Additionally, parameter tuning will be conducted to identify the

optimal settings for a combination of operators.



Chapter 5

A Baseline GA for a WSRP

5.1 Introduction

A comprehensive study of genetic operators within two simple GAs for WSRP was
presented in Chapter 4. That study showed that achieving feasibility in solutions to this
problem is a serious challenge for most known genetic operators. Even after incorporating
a repair operator, infeasibility was a serious issue. Given this, it is recommended to use
an efficient and straightforward method to create feasible initial solutions.

As mentioned in Chapter 3, some authors have identified the effects of hybridising
the GA with problem-specific heuristics on generating high-quality initial solutions that
ensure the GA efficiency [73, 138]. In the work described by [143], a schedule encoding
scheme was presented, while using several heuristic methods into the decoding procedure.
Based on the literature survey, it was suggested to use an efficient and simple constructive
heuristic to create initial solutions for a GA that aim to solve real-world problems.

The intended contribution of this chapter is to present an efficient, customised chro-
mosome representation combined with problem-specific genetic operators for tackling
real-world WSRP instances. Such approach has not yet been proposed in the literature
for HHC instances. The proposed solution encoding is capable of producing feasible
competitive solutions for a highly constrained WSRP.

This chapter also presents a study of genetic operators using the proposed solution

encoding. Well-known genetic operators, performed better than cost-based operators
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presented in Chapter 4), plus five proposed tailored operators are implemented. The
proposed GA harnesses the power of these genetic components to solve the WSRP in-

stances considered. The specific objectives of this chapter are:

e To develop an indirect chromosome encoding scheme that ensures the feasibility

of solutions potentially improving the exploratory capabilities of the algorithm.

e To develop cost-based genetic operators tailored for the indirect chromosome en-

coding scheme by restricting the search to the feasible region.

e To carry out computational tests to evaluate the proposed GA and compare the

performance of the various genetic operators considered.

5.2 Tailored Genetic Algorithm for WSRP

An effective baseline GA to tackle the HHC problem instances is described in this
section. The proposed GA wuses an indirect chromosome encoding and incorporates
various genetic operators including some new problem-specific ones that utilise heuristics
to generate improved offspring. The proposed GA works as follows. First, an initial
population of M individuals (one-day plans) is created based on the indirect chromosome
encoding to ensure solutions feasibility. At the start of each generation, 9M /20 pairs
of parent individuals are selected using binary tournaments. With some probability,
one of the crossovers is applied to each pair of parents to generate two offspring. With
some probability, each offspring goes through one of the five studied mutation operators.
At the end of each generation, the population is updated using an elitism strategy,
where the M /10 best individuals from the current population are kept. Along with the
9M /20 offspring individuals generated, the new population of M solutions is formed.

The indirect chromosome encoding and genetic operators are described next.

5.2.1 Indirect Chromosome Encoding

The primary goal of the indirect representation is to reduce the number of infeasible
solutions. A worker suitability list (WSL) is created for each visit k, , where k =
1,2...,|V|. The WSL contains suitable workers only, ranked by a penalty score M, ;,
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i.e., the lower the score value, the better suited is a worker. The score is calculated for
a worker w; by estimating the impact of assigning that worker to that visit, considering
incurred operational cost and penalty cost due to preferences and availability restrictions.

Initial population is created randomly by generating a vector of |V integers between
0 and Ly — 1, where Ly is the length of WSL for a visit k. When a worker is being
considered for a visit, the solution is evaluated for time-conflicts. If it occurs, by the
random assignments, the next worker in the WSL for that visit is considered until a
suitable worker is found with no time-conflicts arising.

Figure 5.1 illustrates an example of the indirect chromosome encoding for a day plan
with seven visits. The colours are used to visualise the solution as a chromosome, with
each colour presenting a different gene. FEach visit has a WSL of four suitable workers,
with the best worker at the top. Hence, the first worker in the WSL is the most suitable
one for that visit, followed by the next best worker and so on. Below the chromosome,

the decoded solution shows the actual worker assigned to each visit.

Decoder — Worker Suitability List
Vi V2 Vs V4 Vs Vs V7

8:00 8:15 8.35 8:55 8:40 8:55 9:35
8:30 10:00 12:00 11:00 12:00 9:30 13:00

Chromosome
0 Wo | Wi [ Wor | Wormg Wi | W2 | W5 Vi V2 Vi Vi Vs Vs Vs
1.1 1.2 1.0 ji | \2.0 1.5 1.0

% 0(1/0|0|2 (1|0
L W3 W3 Ws WS«W(: Wz | Wi
2.2

1.4 1.4 1.2 2.6 1.9 1 S

olution

5 Ws | Wi | Wa | Wi | Wa | Ws | W Vi ¥ 98 Ve Ve ¥ W
23 14 1.3 30 23 19 1.7 #Wz Wi | Wa | Ws | Wa | W2 | Wa

3 Wi Wi | Ws Wi W7 | W3 Ws
32 252 1.8 3.7 29 2.0 1.7

* Time-Conflict

Figure 5.1: An indirect chromosome encoding scheme illustration.

Time-conflicts are indicated in Figure 5.1 with *. For example, wo is assigned to
both v; and vs while ws is assigned to vs. No time-conflict arises because v; and wvs
do not overlap. However, wy is assigned to v4 and a time-conflict arise as vs overlaps

with vg. Then, the next most suitable worker that does not provoke a time-conflict, in
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this case ws, is assigned to vs. The WSL decoder in this indirect chromosome encoding
scheme helps to assign suitable workers to visits while avoiding time-conflicts.
The penalty scores are shown in Figure 5.1 are not used during the generation of

initial solutions, they are utilized for the tailored genetic operators described below.

5.2.2 Genetic Operators

Several crossover and mutation operators are implemented in this chapter. Some of
these operators were proven to perform well under WSRP in Chapter 4 and others are
specially designed for the problem and solution representation considered here.

Seven well-known operators are implemented: 1PX, 2PX, UX, HX, RSM, IM, and
SM. Four problem-specific crossover operators are proposed: Cost-Based Greedy (CGX),
Partially Matched Greedy (PMGreedyX), Flat-Costs (FCX) and Partially Matched Flat-
Costs (PMFCX). Two problem-specific mutation operators are designed here: Flat-Cost
flip mutation and Zero-Flip mutation. The indirect chromosome encoding scheme de-
scribed above allows implementing all genetic operators while maintaining the feasibility

of solutions. The problem-specific operators developed here are described next.

Cost-based greedy crossover (CGX)

In Chapter 4, a CBUX crossover was implemented that involved restricting mating so
that only feasible assignments of workers to visits are copied from parents to offspring,
as much as possible. However, this crossover has not ensured that all workers in an
individual were suitable for each visit. Thus, a greedy-based crossover is proposed in

this section that builds each assignment based on worker’s suitability for a given visit.

fi) = (5.1)

Vi

A cost-based greedy crossover (CGX) is essentially a variation of a local search con-
structive heuristic that uses the objective function to transfer the best genes from each
parent to one of the offspring individuals. The cost value is normalised per-visit, dur-
ing the initial solution construction, by using equation (5.1). Thus, the value of the

assignment of one worker to perform a visit 4 is denoted as f(7).
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Algorithm 6 Cost-Based Greedy Crossover (CGX)

Require: Pair of parents p; and p» 7 01 < 01 Upi
Ensure: Pair of offspring o; and oy 8: 09 < 03 U D)
1: 01,0 < new empty individuals 9: else
2: 0}, 0] < temporary individuals 10: 09 < 09 Up’i
3: for i < 1 to |V] do 11: 01 < 01 Uph
4 0 o1 Up 12:  end if
51 of <=0 Uph 13: end for
6: if f(0]) < f(o]) then

Algorithm 6 shows how this CGX crossover operator works. The operator goes
through each of the V positions in the chromosome. Each i** gene in the parent individual
is copied to offspring o1 plus the corresponding gene from each parent respectively to
o) and of (steps 4-5). Then, the parent’s gene that results in a better f(i) is added to
offspring 07 while the other parent’s gene is added to offspring oy (steps 6-12). Thus,
CGX produces one offspring (01) with the best parent’s gene selected at each step and one
offspring (02) with the other parent’s gene. This mechanism restricts the search to better
offspring than the parents by maintaining a flow of minimum cost genes. Nevertheless,
the method is very time-consuming as a result of the gene-wise calculations during the

application. This is also explained in section 5.3.

Partially-Matched Greedy Crossover (PMGreedyX)

In Chapter 4, the partially matched crossover (PMX), which uses a position wise-
exchange, was proven to be one of the best crossovers used for WSRP. Thus, in this
section, PMX crossover is extended to suit the proposed chromosome representation
customised for WSRP. The PMGreedyX is a hybrid crossover of PMX and the greedy
process presented in section 5.2.2. Algorithm 7 shows how the PMGreedyX crossover
works. The crossover works on two parent chromosomes and selects a segment within two
cutting points named as Point; and Points, to reverse the positions of genes between
these points (steps 14-17). The cut-points are proportional to an arbitrary interval R,
selected from the set of all real numbers between [0,1), such that 0 < R < 1. The

selected positions calculations are given in equation (5.2) and equation (5.3).
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Point; =2+ |R* (V —4)| (5.2)
Pointy = Point; + 2 + |R * ((V — Pointy) — 2)| (5.3)

The second step is to fill the rest of the offspring. After applying the position wise-
exchange, a greedy process is applied outside the selected cut-points (steps 3-13), as
explained in CGX. In a traditional PMX, the positions outside the segments are only
filled with genes if there are no conflicting values to the ones within the segment. This

method is not applied in PMGreedyX to generate offspring faster with fewer calculations.

Algorithm 7 Partially Matched Greedy Crossover (PMGreedyX)

Require: Pair of parents p; and p, 8: 09 < 09 U Db
Ensure: Pair of offspring o; and oy 9: else
1: 01,09 < new empty individuals 10: 09 < 05 U D}
2: 0}, 0] < temporary individuals 11: 01 < o1 Uph
3: for i < 1 to Point; —1 and ¢ < 12: end if
Pointy + 1 to |V| do 13: end for
4 o)+ o Up! 14: for i < Point, to Point, do
5 0 < o Uph 15: 09 4+ 09 Upl:1
6: if f(o}) < f(o]) then 16: 01 < 0 Uph
7: 01 < 01 Upi 17: end for

Figure 5.2 illustrates an example of a PMGreedyX for a day plan with V = 7 visits.
Given that the selected points are Point; — 2 and Pointo —4. Genes within the cut
points are copied from the parents and exchanged in the offspring. Genes outside the
cut points go through a gene-wise comparison (indicated by an arrow). Any gene with
a better f(i) is transferred to the first offspring (01). Otherwise genes are moved to the
second offspring (o02). This process continues until both offspring are constructed.

The PMGreedyX generates offspring in fewer steps than CGX. This is the result of
mixing the greedy heuristic in CGX, which is a cost-expensive method, with the PMX
position-wise exchanges. Hence, this crossover can produce offspring faster than CGX

where a full greedy method applied.
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Parent1 | 0| 2] 0|0 | 2|3 |0 | Ofmpringi 0|21
parent2 | L | 110|221 | 2| Offspring2 0|02
Step 1 Step 2
Offspring 1 OR 210121130 0102|110
ompring2| ] 2|00 |21 ]2 ommez] 1] 2]0]0]2]3]2
Step 3 Step 4

Figure 5.2: A PMGreedyX crossover illustration.

Flat-Costs Crossover (FCX)

The WSL capabilities are extended in this crossover. The FCX uses the flat-costs
approach, adopted from the WSL, to generate offspring with better assignments than
the parents. Algorithm 8 shows the steps of this FCX crossover operator. Rather than
computing the f(7) for each visit in the offspring, as in CGX, or for the partial solution, as
in the case of PMGreedyX, the FCX uses the penalty scores that were initially calculated
in the WSL at the start of the GA. These values are denoted as 'flat-cost” where each

worker w; has a penalty score according to their suitability to work in visit i.

Algorithm 8 Flat-Costs Crossover (FCX)

Require: Pair of parents p; and p,. 4 01 < 01 Up

The set of WSL for all visits, M; ;is 5 09 4 0y U ph
the penalty score for the j* worker 6: else
7
8

in the WSL for visit 1. 09 — 09 Up’i

Ensure: Pair of offspring o; and os. 01 < o1 Upj
1: 01,09 <— new empty individual 9: end if
2: for i <— 1 to |V| do 10: end for

3: if (Mi,pli < Mi7p%) then

The FCX crossover operator goes through each of the V positions in the parent’s
chromosome. A gene-wise comparison is enforced, for each gene in i** position, with
respect to the WSL estimated penalty scores M, ,i. The best suitable worker is given
to offspring (01) and the other worker for offspring (02) (steps 2 to 10). This mech-
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anism has fewer steps than CGX and PMGreedyX combined. Consequently, the FCX
is more efficient than those crossovers, computationally-wise. On the other hand, the
fitness evaluations are initial estimations, and therefore less accurate than the greedy

calculations. This consideration is explored in the next section.

Algorithm 9 Partially Matched Flat-Costs Crossover (PMFCX)

Require: Pair of parents p; and p,. 7: 01 < 01 Up}
The set of WSL for all visits, M; ; is  8: 09 < 03 U D)
the penalty score for the j'* worker 9: else
in the WSL for visit 1. 10 09 < 09 U pl

Ensure: Pair of offspring o; and o 11: 01 < o1 Uph

1: 01,09 < new empty individuals 122 end if

2: 0}, 0] < temporary individuals 13: end for

3: for i < 1 to Point; — 1 and ¢ < 14: for ¢ < Point; to Points do
Points + 1 to |V] do 15: 09 < 0 Up!

4 o)+ o Up} 16: 01 < 0 Up}

5. of <o U} 17: end for

6: if (Mivpi < Mi,pé) then

Partially Matched Flat-Costs Crossover (PMFCX)

PMFCX is a hybrid crossover between PMX and FCX. Algorithm 9 describes how
the PMFCX works. Cutting points are selected similarly to PMGreedyX, as shown in
section 5.2.2. Once the points are selected, the positions of genes between these points
are exchanged (steps 14-17). Outside the cutting points, it applies the FCX mechanism
to fill the rest of the offspring (steps 6 - 14). As an illustration, Figure 5.3 shows an
example of a crossover process using PMFCX for a day plan with V' = 7 visits. Given
that the selected points are Point; = 2 and Pointy =4. Similar to PMGreedyX, genes
within the cut points are copied from the parents and exchanged in the offspring. Genes
outside the cutting points go through a gene-wise comparison (as shown with an arrow).

Genes contents are indexes decoded as workers scores in the WSL. For a visit k, if
Mk% < Mk,pé’ then p} is selected to be transferred to the first offspring (01) because it
has the least penalty cost score. Otherwise, genes are transferred to the second offspring

(02). This process continues until both offspring are constructed.
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Figure 5.3: A PMFCX crossover illustration.

Flat-cost flip and Zero-flip mutation

90

Two mutation operators were extended from the flip mutation [114] to fit the proposed

chromosome representation. The WSL is also utilised in these operators by simply

replacing a worker, selected at random, and currently assigned to a visit by another

worker.

1. The flat-cost flip mutation (FCF) would introduce new workers to the chromo-

some, even if the worker were not suitable for the corresponding visit. Algorithm

10 shows how this operator works. A random position ¢ of the chromosome is

replaced by a random number within the list of visit ¢ in WSL. For example, if a

worker w at the second gene in a chromosome is selected to be altered, a random

worker w’ € WSL replaces the w in the chromosome. The FCF increases the

diversity by the random process, even if the best worker for visit ¢ is not selected.
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Algorithm 10 Flat-Costs-Flip Mutation (FCF)

Require: individual k. The set of WSL for all visits, M, ; is the penalty score for
the j¥" worker in the WSL for visit 1.

Choose a random point i € {1,...,|V|}

Let w® be the worker assigned to visit 7 in &k

Choose a random point w’ € W SL

w' = w'

2. The zero-flip mutation always replaces a random gene with the most suitable
worker for that visit, i.e., the first worker in WSL, regardless of time-conflicts, as
presented in Algorithm 11. This operator can confirm further that the best worker
for a given visit is not always the best for the entire plan. On the contrary to FCF,
the Zero-flip mutation tend to generate similar individuals by selecting the same

worker more often.

Algorithm 11 Zero-Flip Mutation

Require: individual k. The set of WSL for all visits, M, ; is the penalty score for
the 7! worker in the WSL for visit 1.

1: Choose a random point ¢ € {1,...,|V|}

2: Let w® be the worker assigned to visit 7 in &
3: Select wy € WSL

4: w' = Wo

5.3 Experimental Study and Results
Experiments were conducted to assess the performance of the proposed GA on the
42 real-world WSRP scenarios from Table 2.4. The methods used to evaluate the results

were used as explained in 4.3. See Appendix C for all results using parameter settings.

Table 5.1: Preliminary parameter settings for the baseline GA

Variable Value

Population Size M 100, 250 and 500

Mutation Rate P,, 1%, 10%, 30%, 40% and 50%
Crossover Rate P, 10%, 50% and 100%
Stopping Criterion 5 minutes

Selection Strategy  Elitist
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The first set of experiments goal was to identify the best genetic operators and
parameter settings for each problem instance except those in problem set F (the largest
ones). The different parameter settings in Table 5.1 were tested. This means that for
each of the 35 problems instances in groups A to E, there were 1800 configurations (8
crossovers X 5 mutations x 45 parameter settings).

Each configuration used the same initial population and was executed eight times;
each one ran for 5 minutes. This means a massive amount of computation time but
since it was possible to perform parallel runs, the total computation time was drastically
reduced but still accounted for many days.

The observations made based on the experimentation below will identify the best
operators, parameter rates and population sizes for A, B, C, D and E problem sets.
Therefore, parameter setting was later applied for longer computation time for all prob-

lem sets including the F problem instances.

5.3.1 Mutation Operators Performance with Different Rates

The performance of each mutation operator was shown in the left plot of Figure 5.4.
The x-axis presents the instance sets while the y-axis presents the average gap to the
best-known solutions. The calculations for the cost-values normalisation and relative
gap percentage were calculated as described in Chapter 4.3.

For each mutation operator, a point in the graph corresponds to the average gap
considering all instances in the corresponding set. The dashed line joining the 5 points
was only used to visualise the overall performance of the mutation operator across all
sets. The lower the line, the better, i.e., the closer to the best-known results.

The left plot of Figure 5.4 shows that for all instances the FCF mutation operator
produced better results on sets A, B, and C. It also performed better on sets D and E
but by a smaller margin in comparison to the other mutation operators. FCF mutation
operator was the only operator that introduces new genes (using the WSL) to the chro-
mosome encoding. The other mutation operators only reallocate existing genes. This
may be the contributing factor that encourages more diversity that enhances the overall

performance of the FCF mutation.
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Figure 5.4: Performance comparison between mutation operators. Each line rep-
resents the relative gap between the best known solution corresponds
to the problem set and a solution by a mutation operators (left plot)
or a mutation rate P, (right plot).

Better results obtained by the FCF mutation on sets A, B, and C because the al-
gorithm was able to execute many more generations as a consequence of the chromosome
size that reflects the number of assignments. This increased the algorithm’s ability to
bring new genes into the population faster and boost its performance. For sets D and
E, FCF mutation has succeeded by a smaller margin also as a result of the chromo-
some size. With a larger size, the solution was diverse beforehand and increasing the
diversity can delay convergence. Thus, parameter settings must be implemented with
more running-time to gather evidence on the efficiency of the GA under WSRPs.

To investigate whether a particular mutation rate performed better than others on
each set of instances, results were presented in right plot of Figure 5.4 for each mutation
rate. Setting an appropriate mutation rate helps a GA not to get stuck in local optima.
Rates order in Figure 5.4 for sets A and B was inverted concerning sets F and F, with
set C being the inflection point. For the smaller instances, a high mutation rate was
considerably more effective than a low mutation rate. However, as the instances grow in
size, the opposite happens, with a low mutation rate being more effective. The reason
for this was also related to the problem size.

In general, a high mutation rate reduces the convergence rate of the algorithm but

increases diversity in the population [60]. Hence, on the long term, having a high muta-
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Figure 5.5: Performance comparison between crossover operators. Each line rep-
resents the relative gap between the best known solution corresponds
to the problem set and a solution by a crossover operator (left plot) or
a crossover rate P, (right plot).

tion rate aids the overall performance of the GA. Although the algorithm was converging
slower, it was exploring a wider region of the search space and avoiding local optima with
a higher probability. A low mutation rate, however, helps the algorithm to converge much
faster. But the likelihood of getting stuck into local optima was higher.

Given the time limit set for each run in these experiments, many more generations
take place for sets A and B than for sets D and E as a result of the problem dimen-
sions. Hence, higher mutation rates provide better results on sets A and B, and the
lowest mutation rate produces better results on sets D and E. Then, on smaller prob-
lem instances, higher mutation rates give better results because there was a need for an
increase in diversity to allow the algorithm to avoid local optima.

On larger problem instances, lower mutation rates give better results; this was be-
cause, with few generations, the speed of convergence was more important than adding
more diversity by the mutation. With large chromosome size, the diversity was high
enough. The aim of the study was to understand the operators behaviour rather than
to study the convergence rate under the limited time. Perhaps with much longer com-
putation time, higher mutation rates could produce better results on sets D and E, but

such experiments were not conducted here.
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5.3.2 Crossover Operators Performance with Different Rates

The performance of each crossover operator was shown in the left plot of Figure
5.5. The figure shows that two of the four proposed crossover operators, CGX and
PMGreedyX, outperformed well-known crossovers such as 1PX and UX. These results
support the idea of having problem-specific operators to help the GA by exploiting
domain-knowledge and providing improved solutions, in comparison to traditional cros-
sovers that use random crossing points regardless of the costs.

Left plot of Figure 5.5 shows that the performance of the crossover operators also
depend on the problem size. For sets A and B, CGX obtained the best results. Since
problem instances in sets A and B have less number of visits, the greedy evaluation
in CGX was fast and helps in the convergence to better solutions. On sets A and B,
PMGreedyX performed better than FCX and PMFCX but worse than CGX. This was
the consequence of the segment selected between the crossing points used on constructing
an offspring compared to CGX.

In problem sets D and E, FCX performed the best. It performed worse than other
operators in sets A, B, and C. This indicates that instead of the greedy evaluation, using
the pre-calculated penalty scores in WSL was more effective in larger problems, but it
reduces the search space too much in smaller problem instances. However, one of the
proposed operators with pre-calculated penalty scores, PMFCX, performed the worse
across all sets. This was an indication that combining PMX with FCX to construct an
offspring was not too successful.

The flat-cost evaluation affected the production of offspring with an increase in the
number of generations. Thus, estimated costs were not accurate enough in the case of
PMFCX. Note that for the set C, PMGreedy obtained slightly better results that CGX.
This might be due to the much larger number of workers in the problem instances of set
C. This was an advantage for the greedy evaluation in PMXGreedy.

The right plot of Figure 5.5 shows a comparison between crossover rates across sets.
Results indicate that a low crossover rate of 10% was not successful for all problem sets.
On higher rates of 50% and 100%, the following observations were made.

For larger problems (longer chromosomes) in sets D and E, the highest crossover rate



CHAPTER 5. A BASELINE GA FOR A WSRP 96

L T T
< . -
[ =R ~.
=} 02’ BN *
E i
o \
=] \ /)\
\ -
< o~ ___ \ 7
v 0.1} - N R
<) S~ v Py
A o
o PO -
+ \\'
o 0— ¥ S — e ~ \& ,,,,, i~ -
<
(@) L L L L L

->- M =100-e- M = 250-+- M = 500

Figure 5.6: Performance comparison of different population sizes. Each line rep-
resents the relative gap between the best-known solution corresponds
to the problem set and a solution by a population size M.

was better. But for smaller problems in sets A, B, and C, a rate of 50% gave better
results. The number of generations played a role in those results. A lower crossover rate,
with slower evolution speed, was good enough for smaller instances to exploit the search
space. However, for larger instances, less number of generations was required, given the
limited run-time and problem dimensions, hence higher crossover rate helped to speed

up the evolution to generate an offspring.

5.3.3 Performance of Different Population Sizes

Figure 5.6 shows the comparison between population sizes for all problem sets. The
lines reflect the gap to the best-known population size value for all instances. The lower
the line, the better, i.e., the closer to the best-known results.

The size of the problem instance was of course reflected by the length of the chro-
mosome. On the other hand, the number of different individuals in a population reflects
the overall diversity. As it can be seen from the plot, smaller problems, such as problem
set A, B, and C, have benefited from larger population sizes.

For larger problems, smaller population size was better. This was because, in smaller
problem instances, a large population helped in having more diverse individuals, while in
larger problems longer chromosomes have less need for a large population and therefore
there was no need for more diverse solutions that cause a delay the evolution process,

due to time limitations.
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Based on the above findings, the combinations of genetic operators and their corres-

ponding rates were shown in Table 5.2. Additional experiments were conducted while

using these settings, for all problem instances but with longer computation times.

Table 5.2: Recommended settings for WSRP problem sets.

A B C D E F
Mutation Operator FCF FCF FCF FCF FCF FCF
Mutation Rate P, 0.5 0.5 0.3 0.1 0.1 0.1
Crossover Operator GCX GCX PMGreedyX FCX FCX FCX
Crossover Rate P, 0.5 0.5 0.5 1 1 1
Population Size N 500 500 500 250 250 250
Runing-time 15 Minutes 15 Minutes 15 Minutes 60 Minutes 60 Minutes 8 Hours

Given the findings from the previous experiments, parameters for F' were set to the

same settings as for sets D and E. The computation times used were as follows: 15

minutes per run for sets A, B, and C; 60 minutes per run for sets D and E; 8 hours per

run for set F. Note that in Section 5.3.3, M = 100 was selected due to time limitations.

However, the next experiments have more running time for those instances, thus the

population size was increased to M =250 to allow more exploration.

5.3.4 Comparisons Between WSRP Solution Methods

Table 5.3:

Cost-values f(S) and computational-time Cpt (in seconds) for WSRP
instances, produced by the GA, VNS and MIP DECOMP. on all 42
WSRP problem instances.

Optimal GA VNS MIP DECOMP. Optimal GA VNS MIP DECOMP.
f(S) Cpt  f(S) Cpt f(S) Cpt f(S) Cpt f(S) Cpt_ (S) Cpt  f(S) Cpt  £(S) Cpt

01 3.5 7.0 3.5 4.5 3.5 3.0 5.7 3.7 01 n/a n/a 1.7 170.3 3036.2  496.4 1060.0

02 2.5 8.0 2.5 206 2.5 0.3 4.5 3.6 02 n/a nj/a 163.9 2840.8 3729 1192.1

03 3.0 14.0 3.2 169.2 3.0 293 10.7 3.7 03 n/a n/a 178.2 31728 3213.3  1209.0

A 04 14 5.0 1.4 2385 1.4 6.9 3.1 2.9 04 n/a nj/a 167.1 3313.8 4189  3005.1
05 2.4 1.0 2.4 1.3 2.4 0.1 3.5 1.8 05 n/a n/a 161.1 2818.5  243.9 1306.7

06 3.5 5.0 3.5 90.0 3.6 29.5 3.7 2.4 06 n/a n/a 177.4 2996.0 1411.3  1222.0

07 3.7 1.0 3.7 0.9 3.7 0.1 4.8 1.6 07 n/a nj/a 177.9 29304  753.3 1361.9

01 1.7 210 1.7 449.0 1.7 1565 1.8 8.1 01 n/a n/a n/a n/a 33.0 8408.0

02 1.8 2.0 1.8 0.8 1.8 0.0 1.9 4.3 02 n/a n/a n/a n/a 26.0 12448.4

03 1.7 6003.0 1.8 4447 1.7 4732 21 32.9 03 n/a n/a n/a n/a 29.0 20746.6

B 04 21 25.0 2.1 1182 2.1 9.0 2.2 15.2 04 n/a nj/a n/a n/a 28.5 15190.5
05 1.8 585.0 1.9 3282 1.8 1353 1.7 25.3 05 n/a n/a n/a n/a 270.1  32619.2

06 1.6 1840 1.7 3540 1.6 1943 2.5 24.1 06 n/a n/a n/a n/a 24.6 24212.1

07 1.8 3000 1.8 3159 1.8 3050 4.1 23.6 07 n/a nj/a n/a n/a 427.8  51057.3

01 n/a n/a 118.0 939.5 114.2 301.3 905.0 211.6 01 n/a n/a n/a n/a  64305.1 34464

02 3.2 6.0 3.2 0.0 3.2 0.0 3.6 0.6 02 n/a nj/a n/a n/a  73291.2 1111.0

03 =n/a n/a 105.0 861.2 103.5 550.3 1186.3 26.3 03 n/a mnj/a n/a n/a  115235.2  4555.1

C 04 11.1 900 11.1 5.2 11.2 0.9 81.3 3.1 04 n/a n/a n/a n/a 102994.2 4219.2
05 12.3 550 125 967 123 0.3 68.9 1.1 05 n/a nj/a n/a n/a  101438.2 6156.5

06 n/a n/a 1420 847.0 140.4 3235 3102.3 47.0 06 n/a n/a n/a n/a 76007.1  9695.6

07 4.3 1.0 4.3 0.0 4.3 0.0 5.3 0.2 07 n/a nj/a n/a n/a  176540.6 3832.8

Bold text refers to the best solution.
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Table 5.3 presents the best results obtained over different runs, with the proposed
baseline GA using the settings recommended in Table 5.2. Results from the GA were
compared to existing work on WSRP instances: the VNS by [127] and the MIP decom-
position method by [79]. The later attempts to solve sub-problems to optimality in a
time given, but when all the solutions were integrated, the final solution was not optimal.

For each problem instance, the best-known value f(S) and the computation time in
seconds Cpt, in which the best solution was found was shown and highlighted in bold.
This is, of course, the optimal solution. When available, the optimal solutions obtained
by the MIP solver [79] and corresponding computation time were also shown.

Results indicate that for the smaller problem sets, the proposed GA was quite com-
petitive matching the optimal values for many of those instances. The VNS seems to
provide better overall results but the GA outperforms the MIP decomposition method.
For problem sets D, the proposed GA performed better than the MIP decomposition
method but still worse than the VNS.

Table 5.4: Average relative gap to the best-known solution obtained by GA, VNS
and MIP DECOMP.

Method A B C D E F
GA 1.10%  2.23%  1.08% 3.08% 0.00% 0.00%
VNS 0.02% 0.00% 0.00% 0.00% -

MIP DECOMP. 85.41% 54.46% 710.31% 486.20% 6765.94% 14310.90%
Bold text refers to the best result.

The reason for obtaining better results with VNS was because it targets nearby
local optima, achieved by constructive heuristics to build the initial solution, with one
parameter that was easier to be adjusted [68]. Where the GA was a stochastic method
with different parameter settings to be tuned through a large number of empirical test,
that contribute in slowing down the GA.

The GA tardiness, in comparison to VNS, was because of the number of crossovers
applied and evaluation throughout the evolutionary process. To improve the GA, fewer
operations must be applied, during the search, and thus fewer crossovers. Note that the
GA has obtained the best results in E and F, where results of VNS were not available.

Table 5.4 presents the average gap percentage to the best-known cost value f(S)



CHAPTER 5. A BASELINE GA FOR A WSRP 99

A B C
80 F ‘ 7 300 ‘ 1 400 [, ‘ .
= 250 :
60 : |
© 200 | 300
?5 40 1 150 1 200 il
1 100 8 e
5 20 | 100 ]
- 50
0 ‘ =
D 104 E 104 F
- 3’500 r T ] 25 [— T /N, 3 | — T |
(% 37000 | 2 - 727 2.5 :
15} 2
P .
e 2,500 1l 1.5 |
£ 2000 | 1 1
= ’ 0.5 0.5 |
< % %
1,500 . _ 0 _
mmm G A == VNS zzz MIP DECOMB. \

Figure 5.7: Average computation-time (in seconds) by GA, VNS and MIP DE-
COMP, on problem sets A to D and for GA and MIP DECOMP on
problem sets E and F.

obtained by the solver when available). The best method out of the three methods was
highlighted in bold.

The results show that VNS obtained the overall average values on A, B, C and D,
when values were available, followed by the GA with a small marginal gap. The MIP
with decomposition did not obtain any best results.

On problem sets E and F, VNS results were not available, hence GA obtained the
best average gap percentage values.

When MIP with decomposition was used, there was a significant gap divergence
from the GA results. Using the problem domain knowledge in a metaheuristic method,
as the case in VNS and GA, have provided better outcomes in comparison to MIP with
decomposition. The average gap percentage increased with the problem set size, on both
the GA and MIP decomposition. Thus, the problem difficulty increases with the number
of assignments, and therefore the size of the chromosome.

Figure 5.7 illustrates the average computation-time in seconds as stated in Table 5.3.
Each sub-figure corresponds to a problem set and presents the average computation-time

used by GA (solid black bars), VNS (gray bars with dots) and MIP decomposition, (blue
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bars with inclined lines). The lower the bar, the better, i.e., the less computation time.

On problem sets A to D, all three methods were applied, and therefore their overall
average computation-time was plotted. However, on problem sets E and F, the VNS
values were not available.

As it can be seen from Figure 5.7, the GA has resulted in larger computation-time
among all methods. The MIP with decomposition method obtained the lowest average
computation-time, with an exception on E where MIP decomposition spends 5.7% more
time than GA to compute the results.

For some of these small problem instances, the GA spends considerably more time
than the other methods, however, still below 15 minutes which was quite acceptable.
This result combined with the outcomes of Table 5.4 indicated that the MIP with de-
composition method computes the solutions faster, but the quality of the solution needs
to be improved.

On the other hand, GA spends more time to compute the solutions yet with better
solution’s quality. Hence, it was argued that to obtain good results with the GA, more
computational-time was required, in particular on the largest instances, to employ the
tailored indirect chromosome encoding scheme and genetic operators.

Given the results in Table 5.3, The fast process of VNS has obtained the best results
with the best computation-time when results were available. In practical environments,
where real-world problems require a balance between good quality solutions and fast
computation, VNS was considered a better option than the GA for WSRP. Nevertheless,
this thesis focuses on the need to understand the GA process under this combined settings

while investigating different operators that can be integrated with different EAs .

5.4 Summary and Final Remarks

This chapter was undertaken to design problem-specific elements of a Genetic Al-
gorithm (GA) to tackle a Workforce Scheduling and Routing Problem (WSRP) and
evaluate their offline tuning. An indirect chromosome encoding scheme was designed to
produce and maintain feasible solutions throughout the evolutionary process. In addition

to four crossover and four mutation operators taken from the literature, four crossover
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operators and two mutation operator were designed for the subject problem. Hence,
eight crossover operators and five mutation operators were implemented in this study.

Comprehensive computational experiments were conducted using various settings of
crossover rate, mutation rate, and population size, for each combination of one crossover
operator and one mutation operator.

Initially, a total of 35 real-world problem instances, grouped into five sets, were used
for to identify the recommended GA settings for each set of problems. The results from
this experiment showed that the indirect chromosome encoding is effective in maintaining
the feasibility of solutions.

Regarding the proposed search operators, CGX and FCX helped the GA to perform
well depending on the size of the problem instances. Among the mutation operators
implemented, the FCF mutation made a significant difference improving the performance
of the GA. These results support the idea of having problem-specific operators to help
the GA to converge to better solutions. Additionally, this chapter identified the best
parameters for each WSRP instance. Therefore, the recommended settings were used in
further experimentation.

Following the experiments on the GA settings, additional experiments with longer
computation times were executed using the identified GA settings. Also, another set of
7 problem instances was used, these were the largest of all problems. Results obtained
with the proposed baseline GA were compared to published results. The comparison
showed that the GA is capable of finding some best-known results for the larger problem
instances and matching the best-known results for some of the smaller ones.

The proposed baseline GA, aided with problem-specific components, is an effect-
ive evolutionary approach to solve the highly-constrained WSRP scenarios considered.
Nevertheless, results have shown that there were still improvements to be made on the
performance of this baseline GA when compared to other established algorithms, par-
ticularly for complicated instances. For example, experiments in this chapter required
a large amount of time to find the best operators and rates for this algorithm. Thus,
adaptive parameter control is suggested in the next chapters to adjust parameters for

WSRP instances automatically.



Chapter 6

Adaptive Genetic Algorithm to
Solve WSRP

6.1 Introduction

As mentioned at the end of the last chapter, a baseline GA for WSRP was proposed,
and the best set of parameters were identified. Despite its success in obtaining good
solutions, the GA performance was limited by using a conventional parameter tuning
method, which was impractical and computationally expensive. The offline tuning of
parameters might be valid before the run; however different parameters values might be
better at other stages in the evolutionary process [47]. Thus, tuning an algorithm to a
specific instance of a problem may not perform well on different problem instances.

Another concern raised by the previous chapter was the GA tendency to spend more
time in obtaining solutions for WSRP than the VNS. Thus, it can be recommended to
use a faster approach to increase the robustness of the algorithm.

This chapter proposes six adaptive GA variations to control representation inde-
pendent parameters, particularly operator probabilities and population sizes. The aim is
to develop a parameter-less GA to avoid parameter-tuning methods. If the adaptive con-
trol approach is applied, it will undertake more WSRP scenarios that can be proposed

later.

102



CHAPTER 6. ADAPTIVE GENETIC ALGORITHM TO SOLVE WSRP 103

Researchers have utilised adaptive parameter control to reduce the time spent on
selecting the best parameters, especially in real-world applications [47]. This idea has
been applied since the start of evolutionary computations field, i.e., the study presented
by [34]. Although, there were a few attempts to utilise parameter control in EAs [82, 90,
121, 169], there is still a large number of studies that depended on a fixed set of values
when applied in real-world problems settings [179].

A novel adaptive GA was presented by [60] to maintain a diverse population of
highly-fit individuals. Crossover and mutation rates were adapted based on the Euc-
lidean distance as well as controlling the tournament size to maintain a flow of healthy
population diversity. This method selected more fit and diverse individuals with the
adaptive method outperforming the traditional GA.

This thesis adopts the calculations presented by [60, 91]. The reason for selecting
their methods is due to its proven capability of adapting quickly for highly multimodal
fitness landscapes, as in many real-world problems such as in WSRP.

Another less explored element than the adaptive rates control was the effect of chan-
ging population sizes. This method was first introduced by [62]. Followed by a few at-
tempts in the area of dynamic populations. The study by [147] claimed that adaptively
re-sizing a population may be a practical extension to the traditional GA. Nevertheless,
their method was affected by selection error with random deletion of individuals that
failed to converge to the best individuals.

The study by [98] has investigated the effects of five dynamic population re-sizing
approaches including random fluctuating population, increasing population, decreasing
population, bell-shaped population and inverse bell-shaped population. The proposed
method was compared with a fixed size population GA. The study argued that there
was no universal, applicable procedure for sizing the populations. Hence, using dynamic
population re-sizing was problem-specific.

Adaptive control of the genetic components has never been investigated for WSRP or
any related problems. Given that, this chapter presents an adaptive GA customised for
tackling the combined setting of scheduling and routing in WSRP. The specific objectives

of this chapter are:
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e To identify the most effective features that contribute in early convergence.

e To propose different variations of the adaptive parameter control method, con-

cerning the identified features, that aim to enhance the algorithm efficiency.

e To analyze the impact of adaptive parameters on the feasibility of solutions as well

as the algorithm speed.

6.2 Diversity-Based Adaptive GA

In a traditional GA, parameters are fixed in which they are used throughout the
run time. Adaptive parameter values, on the other hand, are often adjusted to avoid
premature convergence. The changes are triggered by the population state at a particular
time, i.e., the population diversity or the fitness improvements [47].

This section describes the proposed adaptive aspects of the GA, as an extension
of the study proposed in Chapter 5, using a customised solution representation and
problem-specific operators in order to maintain solutions’ feasibility.

In Chapter 5, the performance of several genetic operators, traditional and problem-
specific, was studied in relation to the tailored chromosome representation. Various
parameter settings were also investigated for the instances considered. Given that, the
initial design of the method proposed in here is led by the observations derived from
the previous chapter, that have affected the selection of the parameter setting. These

features can be summarised as follows:

1. The operator’s performances/parameters were dependent on the problem size

(chromosome length).

2. With an increment in the chromosome length, a smaller size population size was

required and vice versa.

3. There was an inverse relationship between the population size and the number of

generations required.

Accordingly, this section explores three aspects of the adaptive parameter control,

search operator rates and population sizes while randomly selecting a crossover function.
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All proposed variations share some elements of the GA. First, the indirect represent-
ation is designed to include all visit assignments. Thus, the chromosome length varies
according to the number of visits assignments |V|. For example, if instances are relat-
ively small, the population size M must be large enough to obtain dissimilar individuals
in population P. On the other hand, in large instances, there is a less chance to find sim-
ilar solutions in P. Thus, a small M is recommended. Population diversity has affected
some major choices in parameter tuning. Therefore, this chapter intends to propose a
diversity-based adaptive GA for WSRP using these features.

Adaptive parameter update process involves multiple adjustments that aim to select
the best parameters for the search to delay convergence. Algorithm 12, presents an ad-
aptive parameter control procedure implemented in this chapter, including the process
by which the current search information is fed back at every iteration to enable adjust-
ment. First, an initial population of M individuals (one-day plans) is created based
on the indirect chromosome encoding that constructs feasible solutions. At the start of
each generation, 9M /20 pairs of parent individuals are selected using binary tournament.
Then, a new population is created by the two major process, crossover and mutation.

The suggested crossover, as stated in Chapter 5, is applied with probability P. to
each pair of parents to generate two offspring. Fach offspring go through a flat-cost
flip (FCF) mutation, with some probability P,,. At the end of each generation ¢, the
population is updated using an elitism strategy. The M /10 best individuals from the
current population are kept, and along with the 9M /20 offspring individuals generated,
a new population of M solutions is formed.

Operator’s performances influence the information feedback process where the adjust-
ment of a parameter is done. At each iteration, if there are no cost value improvements
on the best so far solutions for a number of generations; the GA stagnates. Parameters
values are updated according to the current diversity, calculated as denoted in equation
(3.1), to generate the next population.

Initially, the crossover operator is changed by selecting a random crossover (step
1). Then, the crossover rate P, and the mutation rate P,, are adjusted (step 2-11).

Population re-sizing is done sequentially (step 12-16).
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Adaptive rates, P, and P,,, uses a resetting process (forgetting), where the rates
history resets to the lower bound if the value is out of range. Thus, ignoring all the
previous feedback process that led to the adapted value inflation. The details of the

adaptive parameters implementation are described next.

Algorithm 12 Adaptive Parameter Control

Require: P, P,,, CrossoverOperator and 8  Update P, according to equation 6.2

M = ( Predefined by the user ) 9: else
1: Pick-random := CrossoverOperator 10:  Reset P,
2: if P, > 0.45 AND P, < 1.0 then 11: end if
3:  Update P, according to equation 6.1 12: if M > 100 AND M < 550 then
4: else 13:  Update M according to equation 6.6
5: Reset P, 14: else
6: end if 15:  Update M according to equation 6.7
7: if P, > 0.1 AND P,, < 0.60 then 16: end if

6.2.1 Search Operators Rates Updates

Initial parameter values are adopted from Chapter 5. Parameter updates calculations
are extended from the studies by [60, 91]|. The reason for selecting their methods is that
they are capable of adapting quickly for highly multimodal fitness landscapes, as in
many real-world problems, such as WSRP. The details for parameter rates calculations

are described next.

Crossover Parameter Control

Crossover converges a population considering there is no additional diversity added
through its implementation [60]. As a result of only recombining existing genetic mater-
ial, the similitude between individuals increases after a number of generations. There-
fore, similar individuals are recombined, inbreeding and no additional diversity is added
through crossover implementation. In this thesis, a diversity based adaptive parameter
control is used to maintain a high level of diverse population to avoid early convergence.

To be able to control parameter values, upper and lower values must be identified.
The generated P, value is a number within the specified range, @1 < P, < Q2, where (1

is set to 45% and Q- is set to 100%. If P, is 45%, the new generation is made as exact
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copies of the chromosomes from the old population, i.e., no crossover. If P, is 100%, then
all offspring are made by crossover. Individuals that do not undergo crossover require
higher mutation probability [60].

_ [Diversity,

P, *(Q2— Q1) + Q1 (6.1)

N Diversity,

The P, value is updated according to equation (6.1). Based on the population di-
versity, P, is reduced on convergence (low diversity), to increase the chance of exploration
in the population. The value of P, is increased if the population has high diversity value,
to encourage exploitation, providing that the diversity value does not exceed Diversity,,
where 0 < Diversity, < Diversity,,.

Population diversity in this chapter is measured from two aspects. The genotype
space, denote as Diversity,, explained in Section 3.2.7, and the phenotype space, denoted
as Diversityp, as the population variance, i.e., how far each individual in the population
is from the mean value. The two measurements accommodate different views of the loss
of diversity. Hence, combining these methods can overcome those difficulties provided

by one measurement used in isolation [31].

Mutation Parameter Control

Mutation is usually applied to introduce diversification to the population. Highly fit
individuals are subjected to low levels of mutation (minimal disruption), while low-fitness
individuals go through low levels of mutation, i.e., large rates of disruptive mutation [60].

The selected range for the mutation rate P, is Q1 < P, < Q2, where Q1 = 10%
and Q2 = 60%. Hence, a minimum of 10% of the population does not go through the
mutation to avoid full disturbance. The overall mutation rate P, is calculated with
respect to the fitness improvements given by a mutation and the current diversity state
of the population. Thus, the new P, is the average value of the calculations in equations

(6.3) and (6.4) as stated in equation (6.2).

PT}TTL'itness + Pn[l)iversz'ty
P, = 5

(6.2)

Equation (6.3) calculates the mutation rate with respect to the diversity. A diverse
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population ensures slow convergence; hence more individuals are explored. However, a
highly converged population requires more mutation implementations. The value of P,

is equal to ()1 when the population is maximally diverged, i.e., Diversity, = Diversity,.

Diversity, — Diversity,

Pnlziversity _ > Ql (63)

Diversity,,

To encourage further exploration, mutation is applied to individuals that exist in low
fitness areas. Equation (6.4) generates a value that uses the parent fitness f(S), where
F(S)maz and f(S)min correspond to the best and worst individuals in the population
respectively. The population maximally diverges when the selected parents are the worst

individual in the population.

Fitness __ f(S)maz - f(S)
P = F(S)maz — F(S)min @ (6.4

In multimodal fitness landscapes, different genotypes can share the same fitness value.
Therefore, an average fitness value may be equal to the best fitness value. Thus, the
population can be distributed widely. Using the averaged value of the PL™™ and

PFitness can provide a better feedback for the adaptive change.

6.2.2 Dynamic Population Re-sizing

Preserving diversity is a crucial element for increasing the population search coverage.
Another key point to a diverse population is to encourage the algorithm to explore the
fitness landscape more [98].

Population diversity is affected by the population size. If the size is not suitable; the
algorithm gets trapped in a sub-optimal region of the search space [94]. This is because
the algorithm was unable to find better quality solutions as a result of inbreeding.

The point often overlooked is that a population size might be good at some stage of
the search but requires a change at different stages in the evolutionary process. Therefore,
an adaptive population re-sizing is proposed to lower the chances of becoming trapped
in low-quality areas.

The proposed method works as follows. In a population P of a size M, the size is
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Figure 6.1: Graph illustrations of the dynamic population re-sizing approaches, (a)
expanding and (b) shrinking.
changed dynamically during the run when there are no improvements. The deterministic
change occurs with respect to a step-size d, only if the population size ranges between
100 < M < 550. The value ¢ calculates the step-size relative to the level of diversity as
stated in equation (6.5). To preserve the best-found solutions, M /10 individuals of the

population are always kept after sorting the population in a non-descending order.

0= Diversityécurre”t) x M (6.5)

Two methods of population re-sizing are adopted. The first case is increasing popu-
lation that allows adding a 6 number of individuals to the next population as shown in
Figure 6.1 (a). The addition occurs by constructing new individuals at the bottom side
of the population.

The second case is shrinking population that releases a § number of individuals from
the population as shown in Figure 6.1 (b). The deletion occurs by deleting existing poor

individuals.

M+ if DiveTSityCurrent—l < DiverSityCurrent—éb

M=qM-5¢ if Diversitycurrent—1 > DIversityourrent—4a, (6.6)

M if Diversz‘tyCurrent—l = DiveTSityCurrent—éla
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This method balance between having good solutions and a suitable diversity level.
For example, when the population size is small, the diversity is lost between iterations.
As a result, adding more individuals, regardless of their fitness value, promotes the
diversity and encourages the search.

On the other hand, when the population size is large, more time exists to search for
better solutions. Thus, decreasing the population size allows the crossover to focus on

dominate areas and henceforth computing the results faster.

M+6§  if M < 100,
M = (6.7)

M- if M > 550,

The cases of controlling population size are shown in equation (6.6). They are all
triggered by an increase or a decrease in the population diversity. If the diversity is
maintained, the population size remains the same.

Equation (6.7) ensures keeping the population size closer to the range. Unlike the
adaptive rates, dynamic adjustments are discrete and non-linear, to increase the effect

of the step-size by making a larger impact on the environment.

6.2.3 Crossover Selection

In addition to the adaptive crossover rate, adaptive mutation rate and adaptive pop-
ulation size, a random crossover exchange is used. This method is based on the success of
the reproduction process only to allow exploration of the solution space by using different
operators when one operator fails to improve the search. The algorithm might benefit
from the performances of a group of crossover functions which are alternated during the
execution, rather than using one crossover throughout the run.

In general, an operator is selected in the literature at random [151] or according to
rules [177]. In this chapter, an arbitrary crossover is selected, from a group of crossovers
functions, if the iteration has no improvements, for the few generations. All moves are
accepted until reaching the stopping criteria. Crossovers used are CGX, PMXGreedyX,
FCX, PMFCX, 1PX, 2PX and UX.

Different operators require different rates at each stage of the search. Therefore,
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further improvements must be applied on the global performance of the whole population
by using adaptive crossover rates. The probability of each selected operator is modified

at each iteration, according to the population diversity at that iteration.

6.3 Experimental Study and Results

Several adaptive GA implementation evaluated individually based on each adaptive
element, i.e., 1) mutation/crossover rates, 2) dynamic population re-sizing and 3) random
crossover exchange. Separate implementations provided an understanding of how each
adaptive component perform under the WSRP.

Each experimental configuration was denoted in this section as a GA variation. In-
cluding adaptive mutation/crossover rates AGA, adaptive rates with dynamic popula-
tion re-sizing AGADP, dynamic population re-sizing only GADP, adaptive rates with
random crossover alterations RCAGA, random crossover with dynamic population re-
sizing RCGADP, adaptive rates with dynamic population re-sizing and random crossover

alterations RCAGADP.

Table 6.1: Initial parameter settings for WSRP problem sets (before the run).

Parameter A B C D E F

Mutation Rate P, 50% 50% 30% 10% 10% 10%
Crossover Rate P. 50%  50% 50% 100% 100% 100%
Population Size M 500 500 500 250 250 250

Crossover Operator CGX CGX PMGreedyX FCX FCX FCX

Table 6.1 shows the initial parameter values for each WSRP problem set before the
run, as suggested by Chapter 5.

In addition to the parameter values, methods that excluded the random crossover
exchange, i.e., AGA, AGADP and GADP, have used one crossover operator throughout
the run, as shown in Table 6.1. Otherwise, a crossover was selected at random, when
the algorithm was stuck at a local optimum.

During the run, crossover rates P, mutation rates P,, and population sizes M were
updated on stagnation, with respect to the population diversity as explained in Sec-

tion 6.2. Parameter ranges were empirically set due to preliminary tests as follows:
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Figure 6.2: Change in cost values f(s) over time (in seconds) shown for methods
IGA AGA, GADP, AGADP, RCAGA, RCGADP and RCAGADP.

mutation rates P, € [0.10,0.60], crossover rate P. € [0.45,0.100] and the population
size M € [100, 550]. The methods used to evaluate the results, are as explained in 4.3.

6.3.1 Performance of the Adaptive GA in Time

A common method for analysing the performance of a GA was by performing several
runs and plot the average best cost values over time. Thus, all adaptive methods were
implemented, with several runs, in addition to the baseline GA (IGA), presented in
Chapter 5.

Each line in Figure 7.4 shows the change in the cost values over time, for problem
sets A to F. The IGA was plotted in black lines; the AGA was plotted in blue lines,
GADP was plotted in red lines, AGADP was plotted in green lines, RCAGA was plotted
in orange lines, RCGADP was plotted in purple lines and RCAGADP was plotted in
yellow. The lower the line, the better the cost value.

For A, B and C, a high initial value of the mutation rate P,, have delayed convergence

in all methods, even when using IGA, as presented in the top plots on Figure 6.2.
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However, there was a tendency to result in sub-optimal solutions. For Example, when
GADP and RCGADP were used, the methods were able to escape local optima in an
early stage of the search but can still become trapped at later generations. Adaptive
mutation rate ensures convergence delay, especially in smaller instances as a result of a
wider range of P, values.

From the bottom plots in Figure 6.2, it can be seen that on problem set D, the
IGA outperformed the adaptive methods except for AGA. This indicates that AGA has
a faster response to the environment change. On the other hand, on problem sets E
and F, the algorithms have stagnated faster than on smaller instances. Nevertheless,
methods with dynamic population re-sizing have managed to converge to slightly better
results on E and with a large margin on F.

The dynamic re-sizing variations, with the help of crossovers exchange allowed the
crossover to progress in convergence with high levels of diversity for some instances by
adding or eliminating individuals from the population. Combining the adaptive rates
and crossover exchange on the other hand was applied when the population has fully

converged to introduce diversity to the population. Further analysis is detailed next.

6.3.2 Effect of the Adaptive Control on the GA

Search Operators Rates

The number of P. and P,, updates were recorded to analyse these parameters beha-
viour for each WSRP instance. To do so, the average parameter value of the adaptive
settings over each iteration were presented for each problem instance. Figures 6.3 and 6.4
illustrates a group of box plots comparison between methods that utilised crossover rate
P, and the adaptive mutation rate P,,, i.e., AGA, AGADP, RCAGA and RCAGADP for
WSRP scenario A, B, C, D, E and F respectively. The average change in the adaptive
rate was shown for each method.

A change in the rate value means that the adaptive function has been triggered by
a change in the current population state. A large box means widely distributed and
diverged values. A small box means narrow distributed and similar values.

The box plots shown in Figure 6.3 reveal that P. values were within the range
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Figure 6.3: Box plots comparison of the average crossover rates P. range, shown
for methods AGA (blue), AGADP (red), RCAGA (brown) and
RCAGADP (black).
[0.45, 100]. More distributed values were reported in A, B and C with updated P,
that ranges between [0.48,0.64}, [0.5,0.73] and [0.56,0.80] respectively. On the other
hand, P, has a marginal change in D, E and F with values ranges between [0.44, 0.45},
[0.45, 0.46] and [0.44, 0.45] respectively. This observation was related to the population
diversity effect on the adaptive rates. In problem sets A, B, D, E and F the random
crossover exchange allows more changes in the P, value with a wide range of different
rates. However, in problem set C, AGA has obtained more adjustments with a wider
range of P, values. More information regarding this is explored in this chapter.

The P. value was calculated based on the population diversity. Initially, in smaller
problems, the population diversity was relatively lower than its variance. Hence, the
change in the P. value was large. However, the algorithm stagnated faster due to the
similarities between solutions. As explained in the previous sections, smaller chromosome
size allowed faster mixing while using the search operators. Therefore, more crossovers
were applied with adaptive changes. This also explains the wider distribution of the rate
values on smaller WSRP instances.

For large problems, the population diversity value was higher than the variance. At
the same time, larger instances have long chromosomes, which required more time to
apply a crossover. As a result, fewer crossovers were applied with adaptive rates that
had tighter deviation. Hence, the P, value was decreased gradually.

As it can be seen from the plots in Figure 6.4, P,, values were within the range
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Figure 6.4: Box plots comparison of the average mutation rates P, range, shown

for methods AGA (blue), AGADP (red), RCAGA (brown) and
RCAGADP (black).

[0.09, 0.60]. Similar to the observations derived from Figure 6.3, more distributed val-

ues were reported in A, B and C with updated P, that ranges between [0.10,0.60],

[0.10, 0.46] and [0.107 0.23] respectively. On the other hand, box plots were narrower

in D, E and F with values. The ranges were between [0.26,0.36], [0.29,0.30] and

[0.26, 0.35] respectively.

In smaller instances, when the diversity levels were low, more disturbances were
required to ensure efficiency of the algorithm. Thus, more mutations were applied.
However, in larger problems, the diversity levels were very high. Because of that, fewer
rates adjustments were utilised in D, E and F.

The computation of the adaptive P, value was time-consuming. Fewer generations
were used as a result of the time spent in updating the rates. For smaller problem sets,
the solution was found very fast as it will be discussed in the following sections. However,
in larger problem sets, the algorithins were forced to stop before exploring other areas of
the search, due to the time limitations. Thus, less F,, values updates were established
in large problem sets.

Similar to the P. values updates, in problem sets A, B, D, E and F, the random
crossover exchange encouraged more change in the P, values, especially in larger problem
sets. Also, it has managed to converge to better results than AGA. This was because that
the variation of the crossover function required an adaptive tuning of all rates. Hence,

more changes occurred in those problem sets.
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Figure 6.5: Box plots comparison of the average population sizes M range, shown
for methods GADP (blue), AGADP (red), RCGADP (brown) and
RCAGADP (black).
In problem set C, AGA has obtained more adjustments with a wider range of P,

values. Thus, an in-depth search was executed by the AGA to find good enough solutions.

Therefore, more adaptive rates updates were established.

Population Size

A group of box plots, shown in Figure 6.5 illustrate a comparison between methods
that utilised dynamic population re-sizing for a population of a size M, for WSRP
problem sets A, B, C, D, E and F.

The average change in the M values were shown for GADP, AGADP, RCGADP and
RCAGADP. The M values ranges between [552,560], [550,560], [540,568], [230, 340],
[243,328] and [229, 370] respectively.

A highly diverged population used more crossover, less mutations and required less
individuals and vice versa. This was further shown by Figure 6.5. Different from the
adaptive rates, the changes were less in smaller problem sets. This was because adding
random individuals was computed slower than deleting existing individuals, as the case
in larger problem sets.

Initially, for larger problem sets, M is 250. The bottom graphs in Figure 6.5 show
that there was a decrease in M that have occurred in the start of the algorithm. On
later generations, the diversity decreased, and therefore there was a necessity to increase

the number of individuals.
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As previously mentioned, random crossover exchange promoted the diversity further
when combined with population re-seizing process, as the case in problem set E. Also,
with a full adaptive process, as the case for A, B, D and F. Interestingly, the GADP has
a high level of similarity among values in B, C, D and E than the other three methods.

Another observation was taken from Figure 6.5. AGADP required more adjustments
on the M value, with a wider range of values in the problem set C. With an increase in
the population size, the diversity increases even though a low mutation was utilised in the
initial values. This outcome was the result of updating the rates values during the run
in the event of premature convergence. It can be argued that maintenance of mutation
rates encourages the diversity further along with the population re-sizing. Henceforth,
using adaptive rates combined with dynamic population re-sizing methods was capable
of adapting quickly to the environmental change by maintaining a diverse population in

the later generations.

Population Diversity

The diversity trends were recorded under all methods applied. Figure 6.6 presents
12 sub-plots, each plot represents the average diversity change for a problem instances.
Each line in the sub-plot represents a GA variation as follows. IGA (black), AGA
(blue), AGADP (light red), GADP (green), RCAGA (orange), RCGADP (dark red) and
RCAGADP (yellow).

The top 6 plots reveal that the diversity was quickly converged by all algorithms in
the initial generations with overlapping lines. Despite the fact that the initial diversity
was decreased for all methods, in A and B, there was an apparent change in the diversity
value while using GADP, RCGADP and RCAGADP. This result was achieved by the
disturbance caused by the dynamic population re-sizing that resulted in having dissimilar
individuals. Thus, a closer inspection of the values, in generations between 100 and 400,
was displayed in Figure 6.6.

Adaptive rates, i.e., AGA and RCAGA exhibited loss of diversity and premature
convergence at local optima in A and B with an apparent change in the problem set C

while using RCAGADP, indicating that rates required more time to be adjusted.
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Dynamic population re-sizing methods were capable of adapting quickly to envir-
onmental change in comparison to methods using adaptive rates in smaller instances.
This was the outcome of increasing the diversity by adding new individuals in the later
generations that resulted in converging to better results as it will be explained in the
next section.

From the bottom plots in Figure 6.6, it can be seen that there was a high level
of intensification in the later generations. However, when random exchange crossover
was used in RCAGA and RCAGADP, the diversity was promoted at all stages, in a
counterproductive way, where high exploitation was needed.

Adaptive rates have also encouraged the search by increasing the diversity even
though a low mutation rate was utilised as initial values. This outcome was the results
of updating the rates values during the run in the event of convergence, as previously
explained in Section 6.2. Even though dynamic re-sizing has succeeded in increasing the
diversity in RCAGADP, GADP and RCGADP obtained a loss in the diversity as a result
of a low mutation rate. Thus, it can be argued that the maintenance of mutation rates
encourages the diversity further in larger problem sets along with the random crossover

exchange.

6.3.3 Baseline GA vs. Adaptive Control Methods
To establish statistical significance in EAs, the study by [58] recommended the use of

Friedman analysis as a non-parametric statistical test that was used to test for differences
between groups when the dependent variable being measured was ordinal. This test was
used in this thesis to compare between different methods, to test if there was a significant
difference between compared methods or not and finally rank these methods.

A two-way analysis was used to compare the variances of seven related-samples,
with a significant level of a = 0.05 and 95% as a confidence interval. A total 42 problem
instances were used to set the sample size of one method as large as possible. This
increases the probability of accepting or rejecting the null hypothesis.

Table 6.2 provides the results generated by the Friedman analysis: the mean value,

the standard deviation, the minimum cost-value, the maximum cost-value and the mean-
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rank. The results presented in the mean-rank column show the methods order based on
the statistical analysis, where a low rank indicates the best method while the high rank
indicates the worse method ranked overall.

Three performance measurements matrices: Dev%, Best and Score, explained in
Chapter 4, were also used in this section. An additional value presented in Table 6.2
was the average gap percentage for each algorithm to the best-known value denoted as
the Gap%. The results in Table 6.2 had a significance level = 0.000, degrees of freedom
— 6 and x? = 55.507. This indicates that there was a clear evidence of a statistically

significant difference between all methods.

Table 6.2: Statistical results comparison generated by a non-parametric Friedman’s
test combined with performances metrics

METHOD Mean STD Deviation Min Max Mean Rank Gap% Dev % # Best Score

IGA 332.49 785.87 1.42 3980.44 5.71 0.01 0.54% 0.26 0.56
AGA 289.00 696.68 1.18  3495.99 3.25 0.00 0.36% 0.52 0.73
GADP 292.40 705.05 1.18  3497.99 3.57 0.00 0.50% 0.36 0.59
AGADP 289.95 699.05 1.18  3496.18 3.26 0.00 0.39% 0.38 0.71
RCAGA 288.23 692.57 1.18  3500.00 3.87 0.01 0.72% 0.33 0.54
RCGADP 307.59 750.52 1.19  3649.19 4.37 0.02 1.711% 0.36 0.47
RCAGADP 287.97 691.86 1.21  3496.18 3.96 0.01 0.66% 0.33 0.61

Bold text refers to the best result.

Note that the algorithms applied in this chapter have obtained similar minimum
values except for IGA, RCGADP and RCAGADP. This outcome further proves that
there exists a loss of performance in the uniform crossover exchange. The result for
AGA was promising by obtaining the lowest mean rank and the highest score.

RCAGADP, on the other hand, obtained the lowest mean value and the smallest
standard deviation value. Result indicates that the dynamic population re-sizing and the
random crossover exchange was more effective for WSRP scenarios only when combined
with adaptive rates. The AGA obtained the best overall results statistically because of
its fast response to any environmental change. Therefore, it finds better solutions more
frequently than other adaptive methods.

On the other hand, IGA (not-adaptive) has presented really poor results in compar-
ison to adaptive variations. Hence, all adaptive methods proved to be better methods
for improving the efficiency of the GA in WSRP.

To examine where the differences occur, an additional post-hoc analysis was imple-
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mented. The Wilcoxon signed ranks test was used as a non-parametric test to compare
two sets of data that come from the different combinations of methods. These test
analyses the algorithms by using a ranking based approach of the differences between
methods independently. Hence, this test was influenced by the number of instances used.

The Bonferroni adjustment was used in post-hoc tests on the results obtained from
the Wilcoxon, to perform multiple comparisons and avoid declaring non-existing signi-
ficant. Thus, the new significance level was altered to 0.05/7 = 0.007, where 7 was the
number of the methods compared.

This means that if p < 0.007; the distribution of a method i was different across the
values of a method j, henceforth rejecting the null hypothesis by being statistically
significant. On the contrary, if p > 0.007; the distribution of a method i was the
same across values of a method j, therefore retaining the null hypothesis by having

no statistical significance.

Table 6.3: Cost-values grouped by GA methods generated by a non-parametric
Wilcoxon sign rank test, where S+ (S -) means that method 7 is sig-
nificantly better (worse) than method j within a confidence interval of

95%.
METHOD Z Sig. (2 tailed) Sign METHOD Z  Sig. (2 tailed) Sign
AGA - IGA -4.64 0.00 S+ AGADP - GADP -2.35 0.02 S -
GADP - IGA -4.66 0.00 S+ RCAGA - GADP -1.72 0.08 S+
AGADP - IGA -4.60 0.00 S+ RCGADP - GADP -3.48 0.00 S -
RCAGA - IGA -3.90 0.00 S+ RCAGADP - GADP -0.28 0.78 S+
RCGADP - IGA -2.86 0.00 S+ RCAGA - AGADP -1.46 0.14 S+
RCAGADP - IGA -3.37 0.00 S+ RCGADP - AGADP -347 0.00 S -
GADP - AGA -2.68 0.01 S - RCAGADP - AGADP -1.44 0.15 S+
AGADP - AGA  -0.60 0.55 S - RCGADP - RCAGA -2.12 0.03 S -
RCAGA - AGA -2.28 0.02 S+ RCAGADP - RCAGA -0.19 0.85 S+
RCGADP - AGA -3.35 0.00 S- RCAGADP - RCGADP -1.15 0.25 S+
RCAGADP - AGA  -2.26 0.02 S+

Table 6.3 shows the Wilcoxon signed-rank test. Column Z shows the z-ratio as
the unit for the normal distribution, column Sig. (2-tailed) shows the p value and
column sign shows the statistical comparison of the null hypothesis hg that implies the
significant difference between two methods. The S+ (S-) signs mean that a method ¢
was significantly better (worse) than a method j, within a confidence interval of 95%.

In comparing the two related methods, it was apparent that IGA was outperformed

by all adaptive methods and therefore shows the merit of the adaptive approach on
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improving the IGA performance on WSRP instances.

The Wilcoxon signed-rank test showed that AGA, GADP and AGADP have a stat-
istically significant advantage over RCGADP with existing (Z = -3.353, p = 0.0008), (Z
= -3.476, p = 0.0005) and (Z = -3.473, p = 0.0005) respectively. However, there was no
statistically significant difference across other methods. On the other hand, AGA, GADP
and AGADP were worse than RCAGA and RCAGADP with no significant difference.

The full adaptive GA provided the best results for WSRP, where RCAGA was worse
than RCAGADP with no significant difference. The AGA performance was enhanced

further when combined with other adaptive aspects.

6.3.4 Computational Results of Adaptive Control Methods

This section describes the performance of each proposed variation with respect to
the overall cost values for each instance, the computation time and the percentage gap
to the best-known values.

Table 6.4 presents the results obtained with the proposed six variations, compared
against the IGA, which was proposed in Chapter 5.

For each problem instance, the table shows the solution quality f(S) obtained by
each method and the computation-time in seconds Cpt, in which the solution by the
method was found. For each problem instance, the best-known solution quality value
and best computation time were highlighted in bold.

On a total of 42 instances, the number of best for IGA, AGA, GADP, AGADP,
RCGADP and RCAGADP were 11, 22, 16, 15, 14, 15 and 14 respectively. This indicates
the AGA has obtained the best values in 52.4% of all instances. More details on each
problem set were discussed next.

Smaller instances have benefited from methods that utilised random crossovers ex-
change and dynamic population re-sizing. Adding new individuals has encouraged the
diversity while random crossover exchange has managed to shift the search into new areas
that were previously undiscovered. Hence, offspring were dissimilar, with the algorithm’s
ability to bring new genes into the population. Thus, boosting its performance. However,

the three aspects of the adaptive methods were needed for A but not for B instances.
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Table 6.4: Cost-values f(S5) and computational-time Cpt (in seconds) for WSRP
instances, produced by the baseline GA (IGA) and six diversity-based
adaptive GAs on all problem instances.

IGA AGA GADP AGADP RCAGA RCGADP RCAGADP

£(S) Cpt f(S) Cpt f(S) Cpt £(S) Cpt f(S) Cpt £(S) Cpt f(S) Cpt

1 349 150 3.49 14.45 3.49 152 3.49 1.69 3.49 2.43 3.49 2.96 3.49 1.82

2 249 20.64 2.49 100.69 2.49 99.75 2.49 81.59 2.49 2.42 2.49 5.17 2.49 3.09

3 314 160.25 184.85  3.13 47.12 158.73 303 27401 302 206.43
A 4 142 23851 13721 1.42 15.23 243.00 1.42 89.00 142 81.06
5 242 1.28 0.96 2.42 0.89 0.96 2.42 1.52 2.42 0.58

6 355 90.00 3.55 10.74 48.97 3.55 8.64 3.55 24.70

7 371 0.94 3.71 0.66 0.75 3.71 0.72 3.71 0.65

1 174 41901 L7 113.38 281.26 IRE] 59.52 17 271,61

2 17 0.80 L75 2.06 0.61 175 0.64 1.75 0.95

3 180 44472 1.81 369.56 361.33  1.79  352.34 180  229.30

B 4 208 11816 2.08 5.83 1.98 2.08 7.73 2.08 1.08
5 192 32817 1.93 144.05 49217 1.90  434.04 192  266.73

6 166  353.99 1.66 184.20 13.17 1.64 280.54  1.65  244.94

7 181 31589 1.80 168.27 130.26 180 14992 181  239.79

1 11501 846.87 11487 71021 70060 11652 821.82  116.77  812.12

2 315 0.46 3.15 0.52 0.42 3.15 0.69 3.15 0.50

3 10507  657.11 105.33  782.01 648.85 10557 81491 10497  698.98

C 4 1LI5 2.41 11.15 3.99 1.87 11.15 3.01 1115 2.88
5 1241 3.38 12.53 3.73 22404  12.34 293 1241 177.26

6 18099  591.22 180.99  582.22 500.61  180.92 321.51 180.93  800.68

7 4.30 0.00 4.30 0.00 0.00 4.30 0.00  4.30 0.00

1 17121 3414.46 171.02  3271.25 2780.07  173.81 242253 170.77 1663.00

2 5 166.25 3044.11 3600.00 16825 3378.45 176.08  3837.26

3 . . 180.92  3323.86 237540 18231  3508.37 18187  2656.32
D 4 346512 17024 344685 168.74  2964.61 2881.37 18144  3600.00 169.13  3576.84
5 3367.04 161.86 3317.99  162.17  3156.39 208421 16319 2338.83 16514  3105.46

6 320096 17828 332683 178.03 3313.44 263091  178.74 263111 178.81  308L.T!

7 2489.11 178.83 336564 17858  2998.50 230155  178.72  2609.83 178.92  5587.61

1 332213 118 320245 118 3394.95 3210.88 119 248188 121 342649

2 3368.60 122 328013 121 3491.71 361584 123 204055 1.21 1258.55

3 3246.99 122 3462.66  1.21 3322.91 2227.97 124 315335 126  3292.24

E 4 349221  1.30 348628  1.29  3480.68 344558 135 355800 130  2665.07
5 3442.02 225 334791 224 3516.49 3502.01 226 257486  2.24  2440.54

6 328359 130 345945  1.30 3089.03 3062.06  1.30 330882 1.30  2898.00

7 347385 173 342194 173 3383.05 204452 175 332829  1.73  2030.66

1 202178 28628.61 2122.60 27647.63 213438 28204.99 212047  28456.45 28433.97 254364 33148.07 2036.26 10988.47

2 213417 28418.67 2082.79 26318.27 2199.13 28082.75 2123.65  27926.75 20003.64 2221.52 23817.04 2088.17 24745.08

3 G0S.83 2850122 607.26 27722.40 608.76 25998.95 607.95  27170.44 19776.63  615.03 21935.82 G19.77 28488.47

F 4 133058 28256.37 132851 2722931 1331.02 27632.07 1327.45 27374.00 23617.59 1347.65 28800.00 1329.46 14089.44
5 108.33 28667.17 196.08 26934.63 198.02 28113.68 196.71  26871.89 2401024 20571 10808.92 198.08 13129.58

6 62577 2818144 624.77  25367.39 627.08 27582.25 624.21 26629.60 25802.93  632.53 18025.85 628.41 12428.78

7 3497.86 2826244 3495.99 27225.77 3497.99 28120.50 349618  26003.34 15080.60 3649.19 25011.18 3496.18 7450.12

Bold text refers to the best result.

In C instance set, there was a tendency to premature convergence at a sub-optimal
solution due to its mix instances sizes, under a similar time limit to A and B. The dynamic
population was only required at Cs and C. Adaptive rates and crossover exchange were
being applied when the population has fully converged to introduce diversity to the
population to enhance the overall performance.

On the contrarily of smaller instances (A, B and C), crossover exchange tended to
have a negative effect on the fitness values in problem sets D and F. This observation
was more apparent in Table 6.4, where there was a difficulty in obtaining good solutions,
due to the time limitations that resulted in fast convergence.

Adaptive rates have encouraged the GA to converge faster without the loss of time

and any disturbance in the explored area. To succeed in exploring the dominant peak,
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Figure 6.7: Average computation-time (in seconds) used in solving WSRP in-
stances shown for methods IGA (black), AGA (blue), GADP
(red), AGADP (green), RCAGA (brown), RCGADP (purple) and
RCAGADP (yellow).
whether population re-sizing was used or not, adaptive rates must be used to avoid
premature convergence, especially in D and F problem instances.

What was interesting about problem set E;, RCAGA and RCAGADP had obtained
the best values for these instances. Of course, problem set E have large instances, but
the random crossover process was able to find solutions in the given time when combined
with adaptive rates.

Nevertheless, there was a negative correlation between dynamic population re-sizing
and the instances size. In larger instances, the GADP was unable to converge to good
solutions by updating the population size. The adaptive population updates were com-
putationally expensive in these instances. This was because the GADP used the time
given to find the best size for the population, rather than searching for better solutions.
This means that to provide better adaptive performance, in these instances, dynamic
population re-sizing must be excluded or the running time needs to be increased.

Figure 6.7 illustrates the average computation-time in seconds as stated in Table
6.4. Each sub-figure corresponds to a problem set. Each sub-figure presents an average

computation-time used by a method. The IGA (solid black bar), AGA (blue grid bar),
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GADP (red dotted bar), AGADP (green with north east lines bar), RCAGA (orange with
vertical lines bar), RCGADP (pink with horizontal lines bar) and RCAGADP (yellow
with crossed dots bar).

All these methods were applied, and therefore their overall average computation-time
was plotted. The lower the bar, the better, i.e., the less computation-time.

For problem set A, AGA has spent more time than other methods. Due to the
time spent for adapting the mutation/crossover rates when its not necessary. Likewise,
on problem set C, RCAGADP has spent more time on computing the results. Then
again in problem set B, RCAGA and RCGADP have spent more time in computing
the results, but they have converged to good solutions as previously explained. Results
indicate that changing the crossover function delayed the convergence, and henceforth
allowed to search for better solutions.

As it can be seen, the IGA has the largest computation-time among all methods for
problem sets D, E and F. Followed by the GADP that obtained good-enough results on
problem set E, but with larger computation-time in comparison to the adaptive methods.
On problem sets D and F, GADP obtained poor results due to the time spent tuning
the population that resulted in premature convergence.

In general, the time executed to tune the algorithm can lead to more disturbance in
the solutions. Therefore, a balance between population diversity and solutions quality

must be taken into consideration to evaluate the performance of a GA method for WSRP.

6.4 Summary and Final Remarks

Understanding the effect of different static parameter setting of various components
for a given problem is not straightforward task [47]. Thus, it can be difficult for real-
world problems, such as WSRP. This chapter explored possible elements that influence
the baseline GA performance degradation in later generations.

Although a setting value can be good in the initial stages of the search, adjustments
were required when shifting the search into different areas. Hence, the second aim of
this study was to investigate the effects of using adaptive parameter tuning techniques

in enhancing the performance of the GA for WSRP.
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Three adaptive adjustments were considered: mutation/crossover parameters, dy-
namic population re-sizing, and random crossover exchange. Six GA variations were
proposed in which they were triggered by stagnation, i.e., no improvements on the cost
values. Different adaptive variations were suited for different WSRP scenarios and all
methods proposed had outperformed the baseline GA.

Maintaining a diverse population was important for increasing the search coverage.
Dynamic population re-sizing methods achieved the highest levels of diversity, especially
in small instances, with fitness landscape change throughout the generations. This aided
in obtaining good solutions quickly. Nevertheless, being limited to perform well only on
those instances, it lacks fast adaptivity aspects in regards to the large problem sets.

The key strength of this study was adapting operators probabilities. This method has
provided better results for WSRP scenarios, with the highest number of best solutions,
especially in D and F, by avoiding premature convergence.

Multiple settings analysis revealed that the random crossover exchange allowed the
recombination process to continue in finding better solutions, especially in A, B, C and
E instances. In contrast, random crossover exchange was computationally expensive for
D and F and unable to converge to good cost values. As an outcome of the time spent
changing the crossover functions. Despite this method success in obtaining good results,
its performance was statistically inferior to AGA, GADP and AGADP. An implication
of this was the possibility to improve the crossover selection. More work was needed to
advance the GA efficiency by achieving a good balance between population diversity and

crossover selection. This will be presented in the next chapter.



Chapter 7

Multiple Crossover GA to solve
WSRP

7.1 Introduction

Chapter 5, identified the best performing operators for WSRP. Chapter 6 extended
this work by including an adaptive control method for mutation/crossover rates, popula-
tion size and random crossover exchange during the run. The reason for using the later
was because there was no evidence that the performance of one crossover operator was
superior to the performance a group of crossover operators.

Using a learning method to adjust parameter values has proven to enhance the
baseline GA performance in the previous chapter. Nevertheless, selecting a random
crossover, without any prior knowledge of its efficiency, was a straightforward procedure.
It is still not clear which operator was the best for each problem set, during the run.
Further improvements were suggested.

In this chapter, a learning-based adaptive multiple crossover framework (AMC) is
proposed to tackle the WSRP. According to [104], multiple operators GAs have been
used on real-world applications to benefit from using different synchronised operators.
Most researchers have utilised a group of operators, crossovers [26] or mutations [28], as

part of the multiple operators algorithm.

127
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This research is centered on the crossover operators rather than the mutation operat-
ors, due to the observations derived from Chapter 5, which established the FCF mutation
as the best performing operator among all mutations for WSRP.

The study by [134] has investigated mixing eight crossover operators in a GA, for
routing problems. One crossover was selected at random, with all the operators having
the same probability. This operator was then applied at the current iteration. The
study suggested that the multiple crossovers method has obtained better results than a
traditional GA. Another study that proposed a multiple operator algorithm for routing
problems was presented by [123]|. The proposed algorithm has proven to be more efficient
than using one crossover with one mutation.

When using a multiple operators framework, two main operations were applied in
the literature, operators selection and operators evaluation.

Adaptive operator selection (AOS) is identified as the online change of a crossover
function [11]. Each crossover has an application rate, that is relative to the crossover
performance. The better the crossover, the higher the chances to be implemented more.
Thus, providing a variety of performances in one iteration. Different AOS methods have
been successfully used in the literature, including random operator exchange [123, 134,
151]. In later years, adaptive operator allocation rules were developed as a learning-
based operator selection function, such as probability matching [166], adaptive pursuit
[161], multiple armed bandit [8], and sliding multiple armed bandit [53, 89].

Operator evaluation process is identified as a method to measure a crossover effect-
iveness (performance), by analysing its impact on the current search [89]. This includes
giving some reward to an operator according to the operator performance. The next
crossover is selected based on rewarded value. Best operators are scored higher, and
therefore they are selected more. As a method for operators evaluation process, fitness
improvement was used, i.e., the better the new solutions, generated by an operator, the
more chance of that operator to be applied. However, more performance measurements
were explored and proven to be effective, such as distance-based measurement [26] and
the execution-time of an operator [104].

Many considerations were taken into account when designing a multiple crossover
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GA, including the type of the evaluation measurement used and the number of iterations
required to obtain sufficient information on the operators’ performance.

Existing research has focused on using a fixed number of iterations to determine
"the best" operator. However, an AOS might converge to the best performing operator
early in the search. Not to mention that different operators can provide different results
at different stages of the search. Thus, using preliminary information can have limited
flexibility and leads up to a loss of performance. This observation was proved by the
study presented in [11], in which the use of a "dynamic" approach was established to be
better than using a static one.

The intended contribution of this chapter is to present an efficient adaptive multiple
crossover GA, which uses allocation rules on a mix of problem-specific and traditional
crossovers. Best operators are given high application rates, and low rates are given to
the worse operators. Based on the learning outcomes, Application rates are dynamically
modified, to reflect the crossovers’ behaviour at the current iteration. A roulette wheel
concept is also used when selecting an operator, as an extension of the work by [161, 166].
However, in this study, the selection process is dynamic to provide a better reflection
of the operator’s performance, as the search progress. This study claims that using
an active change of the application rates can enhance the GA efficiency when tackling

WSRP scenarios. To this end, the specific objectives of this chapter are:

e To present an adaptive multiple crossover GA that aims to enhance the baseline

GA efficiency.

e To analyse the impact of crossover operators collaboration on the quality of solu-

tions as well as algorithm speed.

7.2 Adaptive Multiple-Crossover GA (AMCGA)

This section describes the proposed adaptive aspects of the GA as an extension of the
proposed approach in Chapter 6. The proposal here is the integration of the adaptive
control mechanism for genetic operator rates P. and P,, while selecting a crossover

operator. The reason for choosing adapting parameter rates in this study is because it



CHAPTER 7. MULTIPLE CROSSOVER GA TO SOLVE WSRP 130

has provided the best results in comparison to other adaptive variations implemented

for WSRP, as stated in Section 6.3.4.
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Figure 7.1: Adaptive multiple crossovers GA (AMCGA).

Figure 7.1 shows a flowchart of the proposed adaptive multiple crossovers genetic
algorithm (AMCGA). This method is a combination of the adaptive genetic algorithm
(AGA) and the adaptive multiple-crossover framework (AMC).

The AMCGA works as follows. First, an initial population P of M individuals (one-
day plans) is created based on the indirect chromosome encoding that constructs feasible
solutions. The representation is designed to include all assigned visits |V|; thus the
chromosome length varies according to the problem size. At the start of each generation,
9M /20 pairs of parent individuals are selected using binary tournaments. Then, a new
population is created through crossover and mutation. All crossovers are applied as
part of the adaptive multiple crossover framework (AMC), with probability P. to each
pair of parents to generate two offspring. Fach offspring go through a flat-cost flip
(FCF) mutation, with some probability P,. The operator performance influences the
information feedback process where the adjustment of a parameter value is done. At
the end of each generation ¢, the population is updated using an elitism strategy. The
M /10 best individuals from the current population are kept, and along with the 9M /20
offspring individuals generated, the new population of M solutions is formed. After

a number of generations, if there are no cost value improvements on the best so far
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solutions, the GA is considered to have stagnated. Thus, the updates to parameter values
occur in response to the feedback process that seeks to maintain a diverse population to
improve the effectiveness of the search. Such feedback from the search is used to generate

the next population. Details of the AMC are described next.

7.2.1 Multiple-Crossover Framework (AMC)

This method uses a set of crossovers x = {x1,z9...2} of a size L, as one operator
that explores the search area simultaneously. For an effective collaboration, a mix of
traditional and problem-specific operators are considered. The reason for using a diverse
set of operators is to allow dominance of one crossover over the others. Additionally,
the problem-specific operators have the advantage of using heuristic-based operators
on WSRP instances, where they were established to perform better than traditional
crossovers, as stated in Chapter 5.

The steps of applying the AMC are as follows. For each iteration, a ¢ number of
crossover functions are applied, until the next generation is created. Initially, all crossov-
ers are applied uniformly, to obtain sufficient information of their performance. There
is at least % chance for each operator to be selected. During the learning process (also
denoted as a cycle of a size v), the operators’ performances are evaluated and recorded as
scores. For each crossover, the accumulated scores are stored into the crossover reward
matrix (CRM), considered as a reward registry for that crossover in the current cycle.
Scores are then transformed into application rates P,,, where P, is the probability of
applying a crossover x;. These steps are repeated for each cycle, where application rates
are dynamically adjusted as the search progress.

Better operators have a higher score value, and therefore a higher probability to be
utilised more, and week operators are not left without a chance. For example, given a set
X of six crossovers operators, with application rates as follows: x1 = 23 %, 2 = 4 %, x3
=11 %, 24 =34 % , x5 =17 % and zg = 12 %. Crossover x4 has the highest application
rate at this cycle, henceforth x4 has more chance to be implemented. At some point of
the search, when x4 performance changes for the worse, its application rate decreases.

Application rates of other crossovers also vary accordingly, causing a shift in the search.
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Each operator is implemented independently; however, all operators share the same
cycle until it resets. Hence, AMC is considered as a mix between natural systems (re-
combination operators) and synthetic systems (autonomous agents). The natural system
aspect is reflected by the collective performances of the crossovers, onto a population
[47]. The synthetic systems aspect is reflected by sharing a cycle as part of the learning
process that directs their application [125]. Details for crossovers performance measure-

ments and CRM construction is explained next.

Performance Measurements

Scores are considered as performance indicators that enforce the rewarding mechan-
ism, where Vx; € X, a score is given at each iteration, where i = 1,2..., L. To calculate
the scores, performance measurements are used to model the behaviour of different op-
erators in the current stage of the search.

Different types of measurements are used in the literature, such as the fitness-based
measurement [89, 174], the distance-based measurement [26] and the combined measure-
ment and the operator execution-time measurement [104]. In this study, the execution
time can be relative to the problem size for WSRPs. Hence, the time is not absolute in
real-world settings, and therefore this measurement was excluded.

Parameter settings are affected by the population diversity, as explained in Chapter
6. For example, if instances are relatively small, a large M is required as a result of
the large degree of similarity between individuals. For a large instance, on the other
hand, there is less chance to have similar solutions. Thus, a small M is sufficient.
Therefore, distance-based measurement is considered here along with the fitness-based

measurement. Performance measurements used in this chapter are as follows.

1. Fitness-Based, This method is selected to maximise the cumulative improve-
ment, as a historical fitness record of the cost value of an offspring (o) and its
parent (p), where f(o) < f(p). When there are improvement on the overall cost
value, the score increases by one. This value ensures the convergence by select-
ing crossovers with better offspring quality, that eventually improves the overall

performance of a GA.
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2. Distance-Based, This method is selected to ensure a level of diversity among gen-
erated solutions, by calculating the distribution of the pair-wise differences between
an offspring and its parent. If the percentage is 60% or more, the score increases
with respect to the hamming distance H between two individuals. This value is
selected to prevent inbreeding among generations. The value of H is calculated as
the number of assignments in which the corresponding genes are different. Figure
7.2 illustrates an example of the dissimilarities percentage calculations (presented

in white cells) between a parent and an offspring.

3. Hybrid Approach, This method is selected to harness the power of the two
above measurements. When there is an improvement in the fitness or there exist
differences between parents and offspring, the score increases. This means that
with every crossover evaluation, the score value increases gradually. If only one
measurement has proved an operator efficiency, the score value increases by one.
On the other hand, if both performance measurements have proved an operator

efficiency simultaneously, the score value increases by two.

Parent | 0 | 2 | O | 2 (1|3 (0

Offtsprmg | 1 [ 2 |1 |0 | 2| 3 | 4

H =

Percentage (5/7) * 100=71%

Figure 7.2: Dissimilarity percentage calculation between two individuals.

Each crossover is evaluated in isolation, after each application, with a performance
measurement. The purpose of such separate evaluation is to obtain their relative score,
under the evaluation criterion. In the event of one crossover is selected repeatedly, the
score value increases gradually, based on the feedback from the online learning mechanism

in AMC. Details for application rates calculations is described next.
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Application Rates
Rather than using a large crossover rewards matrix (CRM), when recording the
accumulated scores, a 2 x L matrix is used to allow faster computation. i.e., the score

value in (1,4) is added to the value in (2,7). The accumulated value is then transformed

to an application rate P,, = Pcsole, where Pgym = 25:1 P,..

For the next iteration, application rates are updated, until all cycles are completed.
As a result, a gradual change in the P, value exists, with no rapid increase or decrease
in the overall application rates. This process is repeated, for each cycle. Application
rates are always modified before the next cycle.

Figure 7.3 shows an example of the CRM construction process, for two crossovers xy
and xo, with a cycle size v = 3. For every cycle, two steps are executed. First, scores are
retrieved for each crossover. In this case, the first cycle has a Score; = 3 and a Scorey =
4. Next, the accumulated scores are calculated by adding up the scores at the position
(1,1) to the scores at the position (2,1).

Once a score is shifted to position (2,4), a value of 1 is stored at position (1,%), to
ensure the application of all crossover functions, regardless of a crossover performance.
For example, if a crossover application has resulted in no improvement or even worse
solution, it is still applied in the AMC. The active calculation of the application rates
maintain a balance between the most effective operators, which provide good results,

and week crossovers, which provide poor results.

7.3 Experimental Study and Results

These set of experiments have focused on applying the AMC on the baseline GA, to
capture the benefits of this method in addition to enhancing the performance. The main
GA components used in this chapter were the indirect chromosome representation and
the flat-cost flip mutation (FCF). Additionally, a mix of six crossover operators was used
as part of the AMC, including 1PX, 2PX, UX, HX, FCX, and PMFCX. Greedy crossovers
were excluded from this study due to their excessive computational time, as explained
in previous chapters. Even though they were relatively good for small instances, they

were not necessarily the best operators for large problems.
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Step 1 Step 2

Xi 3 0 X1 1 3 |Pxy=4/9

X2 4 0 X2 1 4 | P oxy=5/9

CYCIG = 1, P (Sum) = 9

Step 1 Step 2

X 5 3 X1 1 8 |P xy=09/21

X0 7 4 X 1 11 | P xy= 12/21

CYCIC = 2, P (Sum) = 21

Step 1 Step 2
X1 9 5 X1 1 14 | P xy= 15/26
b 3 7 X 1 10 | P (xy= 11/26

Cycle = 3, P (Sum) = 26

Figure 7.3: An illustration of application rates calculations, in an AMC, shown for
2 crossovers and 3 cycles.

Table 7.1: Parameter settings for AMC and AMCGA.
Parameter A B C D E F

P, 50% 50% 30% 10% 10%  10%
Po 50% 50% 50% 100% 100% 100%
M 500 500 500 250 250 250
o 250 250 250 125 125 125

Parameter settings, used in chapter 5, were successful in providing good results. Each
run in these experiments was executed with the same set of settings, shown in Table 7.1.
Crossover rate P, and mutation rate P,,, were used as initial values for the AMCGA.
These values were then adjusted when using the adaptive parameter control method
(AGA), which was a component of the AMCGA.

In order to obtain enough information of the search space, each WSRP problem set

has a different number of crossovers to be applied during the learning process, denoted
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as 0. The Pg value has an effect on the parameter value selected for . For example,
in smaller instances, P, value was 50%; therefore, fewer crossovers were applied. Hence,
a larger o value was required, to acquire enough knowledge regarding the crossovers’
performances. In larger instances, Pc was 100%, this means that more crossovers were
applied, and a large o value was not necessary.

Results were grouped by the performance measurement applied, and denoted as
follows. Fitness improvements (AMC}), dissimilarities between individuals (AMCy)
and hybrid approach (AMC}). The best performing method was selected to be included
in the AMCGA, which combined the AMC with the AGA.

Different cycle settings were used here, where v = {5, 10, 15,25, 40,50}. The reason
for selecting these values was due to preliminary experimentation. Testing revealed that
a cycle of a size less than 5, had a slow learning process. Therefore, all operators were
applied equally. A cycle of a size larger than 50 had a low accuracy of the learning factor,
in which crucial information was lost. A crossover operator might be the best performer
at the start of a cycle, yet it performance can change when the search progressed.

Each cycle was executed eight times (runs), i.e., for each instance, there were 8 x
6 (cycles) x 3 (methods) = 144 runs, seeded with a random initial population. The
methods used to evaluate the results were as explained in Chapter 4.3. See Appendix D

for all the results using the above parameter settings.

7.3.1 Performance of AMCs in Time

Each line in Figure 7.4 shows a change in the cost value overtime, for problem sets
A to F. All three multiple crossovers methods were applied and plotted. Each line plots
the cost values for AMCy (black), the AMCy (blue), and AMC}, (red). The lower the
line, the better the cost value.

The AMC} has spent more time on exploring the search space in all of the problem
sets. As a result of the time required to calculate the scores according to the fitness
improvements. However, AMC} has converged earlier on problem sets A and F.

In problem set A, AMC/ has found the best results early in the search. Hence, this
method converged faster. On the other hand, in problem set F', AMCy has struggled in
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Figure 7.4: Change in cost values f(s) over time (in seconds) shown for methods
AMCy, AMCy and AMCy,.
obtaining good solutions, within the time limitations, due to the slow fitness calculations.

On the other hand, the AMCy has obtained the results faster than the AMC, with
worse results on problem sets A, C, and E. This was the outcome of the dissimilarity
calculations, which was more sensitive to change than retrieving information of the fitness
improvements. Hence, results were computed faster, which was produced in prematurely.
The performance of the AMCYy is discussed later in Section 7.3.3.

Contradictory to AMCy, AMC}, has a slower convergence, with better results on
problem sets B, D, and F. Still, it has converged faster than AMCY. This was the out-
come of the combination of two performance measurements, which was calculated within
the time limitations. The reason for this was the faster calculation of the accumulated
scores, that rewarded a successful crossover by a value of 2 instead of 1, as the other
performance measurements used when the scores were calculated. This method delayed

the GA stagnation and converged to better results in the longer run.



CHAPTER 7. MULTIPLE CROSSOVER GA TO SOLVE WSRP 138

DO
o

NN
N
DNNNN

SANAINNNINNNY
NNNNNNNNNN

NN

SNNNNNNNNNNNNN
NNNNNNANNAY

10

ot

Number of Best Solution

)

5 10 15 25 40 50
Cycle Size v

BAMCWAMC,8BAMC),

Figure 7.5: Total number of best solutions produced by different rewarding mech-
anisms (AMCy, AMCy and AMCY,).

7.3.2 Performance of Different Cycle Sizes

These experiments aims to identify the best cycle size (v) for each WSRP problem
set, with respect to the rewarding method applied.

Figure 7.5 shows the total number of best solutions for all problem instances. The
x-axis represents a rewarding method applied with a cycle of a size v. Methods shown
in the plot were: AMC} (grey bars with striped lines), AMCy (black solid bars) and
AMCY, (blue bars with dots). The higher the bar, the better, i.e., the more "best" values.

Clearly, there was no apparent difference between rewarding methods applied. All
methods have provided a relatively similar number of best solutions with a slight increase
on one method over the others. Still, AMCy has the highest number of best solutions
when v was 10. Followed by AMC},, when v was 25.

The result was related to the scores given to an operator throughout the search, in
which the accumulated score increases or decreases gradually. Causing a shift in the
score value throughout the cycle, especially when a large v value was used.

Interestingly, the highest number of best solutions was obtained while using AMCY,
when v was 10. With one performance measurement, i.e., AMCy and AMCy, small
changes in the score values occurred. This provided enough time for updating the applic-

ation rates, and therefore these crossovers were used in the current population. Hence,
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Figure 7.6: Average computation-time (in seconds) produced by AMC variations
with different cycle sizes v.
there was no need for a large cycle with long historical records, especially when one
performance measurement was applied.

The AMC}, required a large v value, as a result of the discrete change in the ac-
cumulated scores. Nevertheless, if v was small, the time was not enough to reward
all the operators. Thus, one operator dominated the algorithm, resulting in an uneven
distribution of the application rates.

The larger the v value, the vast increase in the score. The opposite occurred in small
cycles, in which were ignored earlier in the search. The v value can affect a crossover
dominance in the AMC method over another.

Figure 7.6 illustrates the overall average computational times in seconds on problem
sets A to F while using different v values. Each sub-figure corresponded to a cycle size v,
and presented the average computational time used by AMCy (grey bars with stripped
lines), AMCy (solid black bars) and AMCj}, (blue bars with dots). The lower the bar,
the better, i.e., the less computational time.

From the plots, it was apparent that different methods provided solutions in approx-
imately similar times. The largest computational times for AMC, among all methods,

was recorded when v = 40 and 50. It was more expensive to make large adjustments



CHAPTER 7. MULTIPLE CROSSOVER GA TO SOLVE WSRP 140

in the scores, especially when smaller v was used. On the contrary, more time existed
when using a large v values. This outcome provided a shift in the scores.

The fitness-based calculations were faster than the diversity-based calculations. When
v was equal b to 25, more time was spent on calculating the scores with AM Cy. This was
the outcome of the diversity-based calculations, computed gene by gene, and executed
V' times for each individual. An enormous amount of time was required to calculate
the scores accurately. However, when v was equal to 40 or 50, the sensitivity of the
distance-based calculation has computed the solutions in less time. AMC} had similar
computation times to AMCy, with v = 15.

The next set of experiments was designed to use one cycle size per method, selected
according to the highest total number of best solutions. Thus, v = 10 was chosen for

AMCy as well as for AMCy, and v = 25 was selected for AMC,.

7.3.3 Performance Comparison of Different AMCs

Table 7.2: Statistical results of the AMCs methods generated by a non-parametric
Friedman’s test combined with performances metrics

Method Mean Std. Deviation Min Max Mean Rank Dev % # Best Score

AMC; 287.07 699.78 1.18 3495.55 1.99 0.13% 0.50 0.65
AMC,; 286.74 699.12 1.18  3496.73 1.82 0.05% 0.64 0.73
AMC, 287.23 700.10 1.18  3496.36 2.19 0.16% 0.33 0.46

Bold text refers to the best result.

The second set of experiments was designed to compare the proposed AMCs vari-
ations. To identify if there was a significant difference between the proposed AMCs
variations or not, a two-way Friedman analysis was used as a non-parametric statistical
test to establish statistical significance in EAs. In this thesis, an IBM SPSS 22 two-way
analysis was used to compare the variances of seven related-samples, with a significant
level of @ = 0.05 and 95% as a confidence interval.

Table 7.2 provides the results generated by the Friedman analysis on the 42 problem
instances including the mean value, the standard deviation, the minimum cost-value, the
maximum cost-value and the mean rank. Results presented in the mean rank column

show the methods order based on the statistical analysis, where a low rank indicates the
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best method while a high rank indicates the worse method ranked overall. All problem
instances were used to set the sample size of one method as large as possible. This
increases the probability of accepting or rejecting the null hypothesis. The best results
are highlighted in bold.

Results in Table 7.2, had a significance level = 0.061, degrees of freedom = 2 and
x? = 5.605, indicating that there was no evidence of a statistically significant differ-
ence between all methods. Thus, three performance measurements matrices were used:
Dev%, Best and Score, calculated as explained in Chapter 4.

Further statistical tests revealed that AMC, had the lowest mean value, standard
deviation value, mean rank value and Dev% value. This method also had the highest
fraction of the number of best solutions with better score values, as stated in the table
above. Using the distance-based measurement was more sensitive to the change of the di-
versity. Hence, this measurement has provided scores that have a higher level of accuracy
in comparison to the other AMC methods.

Different methods applied to different instances can obtain different results, and
henceforth each problem set benefited from each method accordingly. Thus, it can be
argued that all variations were suitable for WSRP, while AM C; was slightly better than
the other proposed AMCs.

Effect of Adaptive Application Rates on AMCs

This section investigates the effectiveness of one crossover over the other, by identi-
fying the most used operator in each method. All three methods were applied, with a
set of crossovers, i.e., 1IPX, 2PX, UX, HX, FCX, and PMFCX.

The x-axis in Figure 7.7 illustrates the average application rate P, for all problem
sets. Methods applied were AMC} (grey bars with striped lines), AMCy (solid black
bars), and AMC}, (blue bars with dots).

Among all crossovers applied for AMC', the values were relatively similar with a
slight increase the average application rates when FCX was used. This result further
confirms the observations derived from Chapter 5, which identified the FCX as one of

the best crossovers for WSRP problem sets. Due to FCX superior performance, it has
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Figure 7.7: Average application rates values used under different rewarding mech-
anisms (AMCy, AMCq, and AMC},).

been used more with AMC. Faster calculations were required when using AMCy and
AMCY},. Thus, the PMFCX crossover was utilised more, due to its fast calculations as a
result of mixing heuristic approach with traditional PMX crossover method.

Figure 7.8 illustrates a group of box plots comparisons to show the overall patterns of
response for application rates ranges, for each crossover operator, i.e., the bigger the box
plot, the more diverse was the application rates values to the correspondent crossover.

Each sub-figure corresponds to a method applied, i.e. AMCy, AMCyq and AMCY},.
Each box-plot illustrates the average application rate range for each crossover and are
shown in 1PX (blue), 2PX (red), UX (black), HX (green), FCX (grey ) a PMFCX
(brown). A change in the application rate value indicates that the crossovers distribution
has corresponded to the current environment state.

When using traditional crossovers, poor quality solutions were provided, which were
comparatively similar to their parents. Still, using them alongside the problem-specific
method can ensure dissimilarities among the generated offspring.

The box plot for PMFCX was lower than all other crossovers when AMC'y was used.
This manes that application rates were diverse when using the PMFCX and therefore

updated more frequently. This was due to the feedback information obtained from the
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Figure 7.8: Box plots comparisons of the average application rates range shown
for crossovers 1PX (blue), 2PX (red), UX (black), HX (green), FCX
(grey) and PMFCX (brown).
learning process. The opposite occurs for AMCy and AMC},. This result supports the

previous finding discussed in this section.

Effect of Using Online Learning on AMC

The third set of experiments compares the performance of each AMC variation, i.e.,
AMCy, AMCy and AMC), with IGA presented in Chapter 6. The comparison also
included a variation of AMC that excluded the reinforcement learning process, noted as
AMC,, with a uniform choice of operators. Table 7.3 shows the solution quality, noted
as f(5), and the time in seconds, noted as Cpt, in which the best solution was found.
The best values were highlighted in bold.

As it can be seen from the table, all AMC variations outperformed the GA and
AMC,, in terms of solution quality and computational time, regardless of the perform-
ance measurements applied. Closer inspection of the results shows the percentage of best
cost values overall were as follows. The GA 14.29%, AMC, 30.95%, AMC}y 40.48%,
AMCy 47.48% and AMC}, 21.43%.

For each problem set, all AMCs methods applied have obtained good quality solu-
tions. This was because of using a variety of operators, in which they have different
performances. The AMCs were able to make small movements in various directions in
the solution space, and thus a wider exploration was ensured [125]. By contrast, in IGA,
the search was completed by one crossover, with less ability to extend the search in those
regions, which were most promising.

The AMC, has utilised different crossovers, at an arbitrary level, without any prior

knowledge of the current search space. As a result, there were no advancements on the
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Table 7.3: Cost-values f(S5) and computational-time Cpt (in seconds) for WSRP
instances, produced by IGA, AMC,, AMCy, AMCy and AMCj,.

IGA AMC, AMC; AMC, AMC,,
F(S) Cpt F(9) Cpt F(9) Cpt F(S) Cpt F(S) Cpt
1 349 34.08 3.49 3.90 3.49 2.27 3.49 1.85 3.49 1.65
2 296 39677 2.9 5.07 92.54 2.34 2.49 2.62 2.49 1.42
3 365 43692  3.01 153.54 3.02 14.83 3.02 58.57 3.02 115.48
A 4 142 22901  1.42 41.76 1.42 41.54 1.42 67.69 1.42 66.38
5 242 0.98 2.42 1.07 92.42 0.81 2.42 1.26 2.42 0.42
6 361 15983  3.55 4.64 3.55 3.21 3.55 8.30 3.55 8.93
7 371 0.83 3.71 1.02 3.71 0.81 3.71 1.42 3.71 0.32
1 176 42262  1.72 146.60 1.72 141.90 1.72 276.01 1.72 262.21
2 175 78.57 1.75 0.64 1.75 0.71 1.75 1.22 1.75 0.34
3 190 62930  1.79 329.10 1.78 555.93 1.78 570.47 1.78 435.03
B 4 208 29.51 2.08 4.77 2.08 4.06 2.08 21.25 2.08 7.28
5 196 43463 191 417.83 1.90 490.40 1.91 483.60 1.92 558.09
6 171 34374 164 105.39 1.65 80.54 1.64 72.75 1.65 137.81
7 187 50296  1.80 248.04 1.79 57.24 1.80 244.68 1.79 144.08
1 11513  846.87 11501  597.34  114.81  513.89  114.75 566.20  114.88  641.68
2 315 0.46 3.15 0.98 3.15 0.67 3.15 0.86 3.15 0.20
3 10483 657.11 105.02  659.60  104.65 675.85  104.80  434.64 10482  535.76
C 4 1115 2.41 11.15 2.65 11.15 1.84 11.15 1.79 11.15 2.25
5 12.34 3.38 12.34 16.09 12.34 2.94 12.34 68.90 12.34 2.58
6 180.98 591.22 180.98  367.50  180.80  301.95  180.80  431.25  180.86  377.21
7 4.30 0.00 4.30 0.00 4.30 0.00 4.30 0.00 4.30 0.00
1 17315 2989.34 171.39 314040  171.08  3408.46  170.71 3334.63 171.08  3255.77
2 169.56 3502.67 167.50  3448.17  168.11  3046.96 167.31 3405.58  168.31  3450.06
3 18449 350243 180.93  3211.17  180.86  3361.38  180.86 3102.37  181.55  3390.17
D 4 171.83 3484.81 168.68  3338.98  168.42  3323.28  168.37  3476.31  167.86 3412.84
5 162.32  3580.68 161.93 338211  161.99  3266.39 161.86 3276.84  161.92  3113.17
6 178.80 3446.80 178.16 3268.95  178.35  3209.79  178.16 3353.26 17828  3278.63
7 178.85 342381 178.65 326343  178.71  3367.56  178.65  3347.14  178.59  3271.47
1 375 331433 118 3420.64 1.18 3366.72 1.18 3404.99 1.18  3206.71
2 386 357060 121  3394.69 1.21 331193 121 3399.96 1.21 3431.21
3 518 337176 122 3345.45 1.21  3428.17 122 3460.71 1.22 3395.24
E 4 327 358467 130  3419.12 1.29 3512.18 1.29  3493.56  1.30 3432.41
5 515 358541 2,24 3287.96  2.24 3469.36 2.25 3424.19 2.25 3450.09
6 356  3559.72 1.30  3406.16 1.30  3233.54 130 3356.92 1.30 3377.66
7 392 357402 1.73  3339.36  1.73 3486.11 1.73 3452.58 1.73 3375.31
1 225751 28710.28 2034.37 27834.65 2035.17 27760.40 2022.40 28294.63 2039.30  27768.47
2 2306.05 28672.43 2084.22 27286.12 2084.84 27671.16 2083.97 27978.79 2084.47  27944.11
3 85024 28700.42 608.07 27635.80 608.32  27767.11  608.13  27867.36  608.63  27280.61
F 4 154696 28733.22 1329.08 26819.62 1328.77 27863.52 1329.58  28029.66 1328.33 27308.04
5 453.99 28415.05 196.57 26846.99 197.57  26783.72  197.20 2822274 19851  28380.85
6 855.31 28707.11 625.58 27613.17  624.96 2783521 624.96 27996.64 625.77  27519.31
7 398044 28660.10 3495.86 27970.66 3495.55 28138.01 3496.73  27705.17  3496.36  28333.90

Bold text refers to the best result.

overall performances of these crossovers. Therefore,

other AMC variations were con-

sidered better for some of WSRP problem instances. Nevertheless, AMC,. has obtained

the best results on Fs5, Fy, F3 and F5. This was because time was spent on finding a

solution rather than using performance measures, which slows the process of generating

solutions.
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Figure 7.9: Total number of best solutions while using AMCGA, produced by dif-
ferent cycle sizes.

In regards to computational time, AMCs proved to improve the algorithm efficiency
by providing better results in less computational time. For AMC,., AMC}y, AMCy and
AMCY, the average Cpt in seconds were 6069.04, 5756.7, 5797.7, 5873.8 and 5825.6
respectively. In IGA, one crossover was applied at each iteration. Hence, the algorithm
required more time to improve the solution. On the other hand, the AMCs enforces the
performances of different crossovers onto one population.Therefore, the proposed AMCs
obtained solutions in fewer iterations than the IGA. In AMC,, the average Cpt was
the lowest among all compared methods. This was due to the exclusion of the feedback
process. On the other hand, the average Cpt for AMC'y was less than AMCy and AMCY,

as an outcome of computing the dissimilarities between the parent and the offspring.

7.3.4 Using AMC as a Component of AMCGA

A major advantage of AMCs was that they had a considerable influence on improv-
ing the efficiency of the GA, especially AMCy. Thus, this method was selected to be
integrated with AMCGA. The following experiments aim to evaluate the validity of the
AMCGA by providing further insights into its performance.

Effect of using different cycle sizes in AMCGA

In this section, the aim was to investigate the effect of the using different cycle sizes
in AMCGA on the quality of solutions in addition to the computational time. Figure
7.9 shows the total number of the best solutions generated by AMCGA. Bars on the
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Figure 7.10: Average computational-time (in seconds) produced by AMCGA.

x-axis represents an AMCGA method applied with a cycle size v. The higher the bar,
the better, i.e., the more "best" values.

All methods were relatively similar in providing a high number of best solutions, in
more than one cycle size. Thus, it can be claimed that using AGA made the performance
of the AMC more stable. The number of best solutions was the highest when v was 15,
40 and 50 with a value of 17 best solutions. Followed by v = 10, with 16 solutions, and v
= 25, with 15 solutions. The values for the number of best solutions when v = 5 was the
lowest. The time was insufficient to score all operators. Thus, a large cycle size, i.e., 50,
provided better learning outcomes within the time by retrieving the needed information.

Each sub figure in Figure 7.10 corresponds to a problem set, to illustrate the overall
average of the computational time (in seconds) used by a cycle size. Black solid bars
when v = 5, grey bars with stripped lines when v = 10, blue bars with dots when v =
15, red bars with right inclined lines when v = 25, green bars with left inclined lines
when v = 40 and yellow bars with a grid when v = 50. The lower the bar, the better,
i.e., the less computational time.

On average, the lowest computational times for problem set A was when v = 25

However, all cycle sizes have obtained the same result in less than 50 seconds, which
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was relatively acceptable. Followed by v = 50, that also obtained the lowest average
computational times for problem sets C, D, and F. The lowest average computational
times for problem sets B and E were when v = 10 with a difference between 100 to 200
seconds to the other sizes. Regarding Figure 7.9, this cycle size also obtained the second
highest number of best solutions.

The larger the cycle size, the more scores were calculated for an operator in addition
to updating the operator rates. As a result, the population evolving into better, fitter
solutions. The interchange between the two adaptive aspects was vastly exploited in
AMCGA. Results indicate that integrating the AMCGA with AMCy of a cycle of size
50 provided the best results in less time, especially for difficult problem sets. The results

for a v = 10 and v = 50 was investigated further in the next section.

Results of AMCGA vs. AMC; and AGA

Table 7.4: Cost-values f(S5) and computational-time Cpt (in seconds) for WSRP
instances, produced by AGA, AMCy;, AMCGAy and AMCG A5
method.

AGA AMC,y AMCGA,y  AMCGAs

f(5) Cpt f(S) Cpt f(S) Cpt f(S) Cpt

349 1445 349 185 349 281  3.49 178

249 100.69 249 262 249 449 249 127

308 1150  3.02 5857 302 221.92 3.02 27.63

142 24707 142 6769 142 512 142 4271 D
242 111 242 126 242 087 242  0.38

: 130.22 830 355 2659  3.55  7.05

AMC, AMCGA; AMCG Asg
f(5)  Cpt f(5) Cpt f () Cpt
170.71  3334.63 170.23  2533.55 170.29 2545.39
167.31  3405.58 166.58 2109.05 166.26 2512.36
180.86  3102.37  179.81 2490.46 179.75 2370.22
168.37  3476.31 166.64 166.39 2511.47
3367.04 161.86  3276.84 161.50 161.37  2532.9
320096  178.16 3 6 178.11 177.99  2368.7
2489.11 178.65 3347.14 178.41 178.41 2217.13
3322.13 1.18 3404.99 117 1.17 3285.83
3368.60 1.21 3399.96 1.20 3303.48 1.20 3311.01
3246.99 1.22 3460.71 1.21 3181.93 1.21 3137.97
3492.21 1.29 3493.56 1.29 2932.00 1.29 3123.67
3442.02 2.25 3424.19 2.24 2921.37 2.24 3378.24

1

N

1.42 3.71 1.03 3.71 0.51
276.01 1.72 160.06 1.73 146.45
1.22 1.75 1.03 1.75 0.29
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1
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3 280.35  1.78 570.47  1.77  327.03 1.79 168.52
B 4 208 4619 2.08 21.25 2.08 5.12 2.08 3.17 E
5 193 9885 1.91 183.60  1.92 159.26 1.91  396.11
6
7
1
2
3
4
5
6
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1.66 190.74  1.64 72.75 1.65 97.23 1.64 146.05 3283.59 1.30 3356.92 1.30 2539.72 1.30 2975.27
1.81 154.78  1.80 244.68  1.80 87.54 1.80 78.43 3473.85 5 1.72 3314.44 1.72 3278.99
115.07 703.71 114.75 566.20 114.87 644.23 114.94 640.35 27647.63 2 0 2 2036.82 2311721 2019.72 22709.3
3.15 0.46 3.15 0.86 3.15 0.71 3.15 0.30 7 2083.97 2 2081.99 2 .59 2081.74 22516.9
105.08 677.45 104.89 434.64 104.75 804.69 104.82 681.10 608.13 605.14 2 .34 604.71  22658.5
C 11.15 2.40 11.15 1.79 11.15 3.14 11.15 2.64 F 1328.51 1329.58 2 1326.28 2 .11 1325.90 23459
12.60  33.70 12.34 68.90 12.34 2.40 12.34 2.35 196.08 19720 2 193.59 25631.57  192.78 25895.8
180.99 589.30 180.80 431.25 180.92 586.95 180.99  446.39 624.77 27 9 624.96 622.41 26415.45  622.34 23680
4.30  0.00 4.30 0.00 4.30 0.00 4.30 0.00 3495.99 2 [ 3496.73 - 7 3492.87 24083.07 3493.18  24846.2

Bold text refers to the best result.

These experiments aim to compare the performance of AMCGA against diversity-
based measurement AMC variations AMCy and the diversity-based adaptive operators’
rate control GA (noted as AGA). Results in Table 7.4 were shown for AGA, AMCy,
AMCGA when v = 10 (noted as AMCGA;p) and AMCGA when v = 50 (noted as
AMCG Asp).

From the table, it can be seen that AMCGA has outperformed AGA and AMCy,
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especially AMCG Asp that provided the best results on 59.52% of all solutions. Followed
by AMCGA;y that provided the best results on 42.86% of all solutions. These results
indicate the power of combining two adaptive elements that work together. On average,
the computational times in seconds were 5653.11, 5873.79, 5069.67 and 4962.10 for AGA,
AMCy, AMCGAp and AMCG Asp respectively. Another advantage of AMCGAs was
the rapid decrease in computational time, which was previously reduced by each method
separately, in comparison to the IGA. Thus, using the combined method was more cost-

effective than using one method individually for WSRP.

7.3.5 Results of AMCGA vs.WSRPs Solutions Methods

This section provides a comparison of the best-performing methods proposed in this
thesis,i.e., AMCGA1g and AMCGAsg, against three existing WSRP applications: MIP
solver |78, MIP with decomposition |[79] and VNS algorithm [127].

Table 7.5 shows the solution quality, noted as f(S), and the computational time
in seconds, noted as Cpt, in which the best solution was found. The best values are
highlighted in bold.

For smaller problem sets, the proposed methods were quite competitive, matching the
best-known results for many of those instances. The VNS seems to provide better overall
results with 42.86% of all best solutions. However, the AMCGAg and AMCGAsg
outperformed the MIP with decomposition method with 21.43% and 42.86% of all best
solutions respectively.

The average computational times were calculated for methods that provided solu-
tions for all instances. i.e., MIP with decomposition AMCGA10 and AMCGA50. The
recorded times were 4964.26, 5069.67 and 4962.10 respectively.

The AMCGA; has the largest computational time among all methods. On the
contrary, the AMCG Asp has the lowest computation time among all methods. These
findings provide implications that the use of a large cycle size provided better GA per-
formance, especially cost-wise. A noticeable effect of using adaptive aspects was the
reduction of the computation time, which was also enhanced when using AMC. On the

other hand, the MIP with decomposition method has obtained a low average computa-



149

CHAPTER 7. MULTIPLE CROSSOVER GA TO SOLVE WSRP

“}[MSa1 1S9 OY) 0) SIAAI 1x0) Plog

€COVSVT  S1°C6VE  LO'ES0VT  L8'TEVE 8°7E8E  90VCILT B/u  ®/u L0 000 O0fF 000 O0£¥F  c00 0gy vT0 62°C 00T 08V L0
$0°089€Cc PE'TT9  SPCIF9T  TF'EE9 96696  1°L009. ®/u ®/u 90 6£°9FF 66°08T S6'98¢ G6'0ST TS'€EE PPOPT  COLF  9zG0le  ®/U ®/u 90
LL°G68SC 8L'T6T  LSTE9ST  6S°E6T c'9eT9  g'SEFIOT B/U  ®/u GO cg's  peel OV Feel PE0 veTl c0'T 7689  00¢¢  FETT SO
G6'8SPET 06°STET  T1°T8LFC  8T'9%ET T6IGF  TT66g0T B/U /U 0 ¥9°c  CSI'TT FT'E STl 160  ST'TT 60°¢ cZ’I8 0006 <I'TT ¥0
§'8G92%  TL'F09  FE£0T5c  FI°S09 T°6eGF  TeeeCIT ®/u  ®/u  go 0T'T89 ESFOT 69708 CLTOT 6°0SS ©S'€0T  €£9c  Lz'98IT ®/w  ®/u €0
G8'91G%% PL'TS0C 6S°C9LEC  66'T80C OTITT  GT6gc. ®/u  ®/u go 0g0  STE 120 ST'E 000  SI'S 1670 19°¢ 009  ST'E €O
9Z2°60L3% TL'6T0C 1CLITSG  G8'9€0C TOPPE  T°C0eF9  ®/u e/u 10 ce0F9 FEFIT €6FP9 L8TPIT T€T0€ ITHIT  FOTIC 86706 ®/w  ®/u 10
¥66'8.2¢  TL'T PPyIES TLT €LC01¢  8LF  ®/u e/u L0 ¢F'8L 08T  FCL8 08T 96708 6LT 79°€C 907  00°00€ 6LT 20
99%°¢L6T 0T TL'68SC 08T 1eIehe 9% v/u ®/u 90 CO9FT  F9T  €TL6  €9T  6GT6T  T9T 117% T¢T  00F%8T T9'T 90
728288 (A 18'16C  ¥TC T619¢E 10 ®/u e/u go 11968 16T 926SF @61  €€CET €8T cee FLT  00°88¢ T8'T S0
L9°6TTE 62T 00286 6TT C06ICT  ¢'8c  B/u ®/u 0 IT€  80C cI'S 80C €06  L0'T cz'sT [ard 006 L0 %0
TLE'LETE  T1TT £6°T8T¢ T 99720z 06z ®/u e/u g0 TE89F  6LT  €0LEE LLT  TEELP Tl 98°g¢ 90 00°€009 GLT €0
800°TTEE 02T 87°'€0€E 0TI 8PPl 09¢  ®/u e/u  go 620 GLT €T ST 000 ST 62F 68°T 00z ST 20
pe8'g82¢ LTI 1L°06€¢ LTT 0°8078 0¢e  ®/uw w/u 10 CPOFT  €LT  90009T LT CF9ST 0L 208 6LT 00Tz OLT T0
€T°L12%  TP'SLT  TGTS0E  TH8LT 6T9ET  €'€eL  ®/u e/u L0 10 1L €T TLE  L0O L€ 791 87 00T  TLE L0
0L'896C  66°LLT  96'89.G  TT'SLT 0Teel  €IIPT ®/u  e/u  go g0°L  S%'€ 69 ¢CE  LP6T  9CE 4 vLE 00¢  9¢¢ 90
068Cc  LETOT  9T'€0SE  0CTIT L906T  6¢Fc ®/u v/u  go 8¢0 ehc 180 &bt 10 ThET LT v 00T e <0
LPIISC  6€799T  80°78¢C 19991 T°600¢ 6817 ¥/u ®/u F0 e T LETe Thl 18°9 Th1 88°C 60°¢ 00 TF'T %0
TT0LEE  GLBLT  OF06FC  I8°6LI 0'60cT  €€Tae  v/u  w/u g0 €90z @€ @6l  0€  0£6c 00 0L c9'0T  00FT 00'€ €0
9£'cICz 92991  C0'60T¢ 82991 26T 6cle v/u ®/u go 11 6P 6T 6Fc €0 6T 8¢°¢ el 008  6FC g0
6£'CPCZ  6C0LT  CC'EESE  €G0LT 0°090T  T'96F ®/u ®/u 10 8L'T 6V'E I8C  6V'E 66T 67°¢ e 69°¢ 00L  6F'€ TO
wydp (s)f 1) (s)f 1) (s)§ 1o (s)f wdp  (8)f Wy (9f ) () f 1) () f g (s)f
YOOIV LY DOV dINODHA dIN  TewnydQ CYHDONWY  'WHOIWV SNA dINODHA dIN rewndQ

"SOOURY)SUI Zf UO SPOYISUL
uonnos JUYSM [1® Aq peonpoid ‘seoue)sut JYSA 10J (spuodes ur) 2d;) swr)-reuoryeindwod pue (§) [ senfea-1so)) :G*L 9[qeL,



CHAPTER 7. MULTIPLE CROSSOVER GA TO SOLVE WSRP 150

tion time. However, the results obtained were poor in comparison to the other methods.

So far, the proposed methods were the only algorithms that provided results for all
instances. Hence, adaptive GAs were able to solve real-world and highly constrained
optimisation problems. Interestingly, the best cost values were obtained by diversity
based methods. This further proves the significance of maintaining a diverse population
in enhancing the GA performance when tackling WSRP. Even though VNS had obtained
better results than the proposed methods in this thesis, when results were available, this
study aided in better understanding of the usability of GAs under the combined settings.
This was the first time that a study on the design components of a GA, that has been
used to solve WSRP.

7.4 Summary and Final Remarks

Using synergy among the operators provided better results than using one operator
at a certain stage of the search [89]. This concept was used in this chapter by proposing
an adaptive multiple crossover framework (AMC) to be integrated in adaptive GA that
tackles WSRPs. The aim is to improve the GA efficiency.

In this chapter, six different crossover operators, well known and cost-based, were
selected as part of the AMC method. The crossovers were rewarded with scores during
the learning process, which affected their application rates during the run, and were later
adjusted with values that reflect the search environment.

Rewards were given to a crossover according to its effectiveness at the current stage.
To evaluate a crossover, three performance measurements were utilised to provide a
score for each operator. The crossover ability to provide an offspring with fitness im-
provements, to generate an offspring that is different from their parents or to provide
fitness improvements and diverse solutions at the same time.

Based on the performance measurements, three variations of the AMC were imple-
mented (AMCy, AMCq, AMC},), with six different cycle sizes on 42 different instances
of WSRP problems. The cycle size, which provided the highest number of best solutions
for one method, was selected in a more in-depth analysis in this chapter. Further analysis

has found that all the methods applied have different performances, with AMCy having
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the best score, the highest number of best solutions with the highest computational time
among all methods.

In general, the diversity-based measurement required more time than fitness-based
measurement. However, it provided better quality solutions. The combination of the
diversity and the fitness measurements have obtained less computational times than
using separate methods. This result is related to the scoring process used. If only one
measurement is used, a small increase in the score occurs. On the other hand, if both
performance measurements are used a large increase in the score occurs. Thus, the scores
in AMCj, were higher than AMCy and AM Cy, henceforth, less time is required.

Another important finding was that the highest average value of application rates
among all methods was obtained by FCX and PMFCX crossovers. The results showed
that PMFCX crossover was the most utilised crossover in all methods. This observation
complements those of earlier studies in this thesis by presenting the strength of problem-
specific crossovers when tackling WSRPs.

Results were compared with the indirect GA (non-adaptive) and a random uniform
variation of the AMC (no learning). The AMCs had outperformed the stated methods,
especially when diversity measurement was applied.

The key strength of this study is the combinations of adaptive settings and multiple
crossover method that resulted in better quality solutions in less computational time.
These findings have major implications that using a full adaptive GA is the best method
for the combined scheduling and routing problem settings.

The contribution of this study has been to confirm that the combined performances
of all the operators were better than applying one operator in isolation. Using the
best performing crossovers, as suggested by the offline tuning, along with traditional

crossovers have delayed convergence and therefore encouraged the search.



Chapter 8

Conclusions and Future Work

8.1 Introduction

This chapter concludes the thesis by summarising the work done, reflecting on the
research accomplished in this thesis and identifying interesting areas of research, arising
from the thoughts presented in this thesis.

Different design approaches of genetic algorithm (GA), are presented in this thesis,
which can tackle real-world instances of Workforce Scheduling and Routing Problems
(WSRP). The WSRP involves the scheduling and routing of a workforce to visit custom-
ers at different locations to complete a set of tasks or activities. Therefore, WRSP is a
combination of two problems, personnel scheduling and routing.

Generating good solutions for WSRP instances is very critical in real-world problem
settings. Recent evidence by [17, 78] suggests that the problem degree of difficulty grows
with an increase in the number of assignment in each instance and henceforth the problem
size. The larger the problem, the more time is required to obtain reasonable solutions.
Thus, more efficient and faster methods are needed to solve WSRP instances.

GAs have been shown to be effective approaches to find solutions for problems com-
bining scheduling and routing, where exact methods are less effective, e.g., [30, 118].
Thus, this thesis has investigated the usability of GA methods to help obtain feasible
solutions. However, in those works and other established evolutionary algorithms (EAs)

for WSRPs [67, 93], similar evolutionary components were reused from WSRP-related
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problems, i.e., resource scheduling and vehicle routing problem, such as representation
types and traditional operators without any attempts for tuning the parameter values.

Most studies of different WSRP solution methods had suggested that the combined
nature of the problem required more insights on the implementation. For example,
greedy heuristics [17], an initialisation heuristic in a particle swarm optimisation (PSO)
[5], problem-specific recombination and mutation operators in a mematic algorithm (MA)
[70] and constrictive heuristics in variable neighbourhood search (VNS) [127].

This thesis has undertaken the design of problem-specific evolutionary components,
customised for WSRP, which can be included in different EAs. This work also invest-
igated various methods to increase the efficiency of the proposed components that can
also improve the GA performance. As a result, different GAs were developed that used
common objectives and constraints to preform significantly sound comparisons, including
those related to workers’ skill qualifications, time/area availability and time conflicts.

The same GA process was used on 42 different instances of WSRP problems for
methods proposed in Chapter 5 to Chapter 7, by changing some elements to differentiate
one method from its predecessor, i.e., repair heuristics, special operators and adaptive
parameter control framework. However, the study presented on Chapter 4 has utilised
two variants of simple GAs to identify the relative qualities and shortcomings of the
proposed genetic operators on WSRPs rather than proposing a competitive algorithm.
Thus, the design was restricted to utilising basic evolutionary procedures without any

improvements. More details are stated in the next section.

8.2 Review of Contributions

In this section, a revision of the main contributions of this thesis is provided.

8.2.1 Selecting genetic operators to maximise preference

satisfaction in WSRP
Reducing the number of soft constraint violations was one of the major challenges
when applying GAs to WSRP. Therefore, in Chapter 4, the performances of various

generic and problem-specific genetic operators were investigated for their ability to re-
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duce the number of constraint violations. Thirty-four scenarios of the home health care
scheduling (HHC) were tackled in this study by two well-known GAs: the steady state
genetic algorithm (SSGA) and the generational genetic algorithm (GenGA). The study
identified the best combinations of operators for WSRP, provided by a performance com-
parison between a set of operators in two well-known GAs. The study also investigated
the effect of different parameter settings to better understand the operators’ perform-
ances in a simple GA for WSRP.

The random initialisation has resulted in infeasible chromosomes. Thus, two repair
heuristics were used as constraints handling methods to improve the quality of results.
Not using repair operators resulted in many constraint violations, regardless of the com-
bination of genetic operators used. Hence, genetic operators were co-dependent on the
use of repair heuristics that use problem domain knowledge. Contributions of Chapter

4 were as follows.

e A time conflict reduction heuristic (TCR), was used to improve the quality of the
initial solution. The GA converged faster to better solutions when using TCR
than when using completely random initial solutions. Attempting to repair one
constraint while other constraints were discarded has resulted in poor solutions

quality in comparison to different methods used for WSRP.

e A worker suitability repair operator (WSR), was used to reduce any violation of
constraints in two stages of the GAs, after the TCR and then again after the
mutation operator in the optimisation process. The WSR operator succeeded in
improving the quality of the solutions, regardless of the combination of genetic
operators used. Though there was an apparent reduction in the violations, some

still existed.

e Two cost-based search operators. A cost-based uniform crossover (CBUX), where
an offspring inherits available workers in a specified position from parents. A cost-
based mutation (CBM), seeks to insert workers assigned to visits that were among
those considered as preferred workers for that visit. Despite the fact that the pro-

posed operators were neither the best nor the next best in all WSRP scenario, the
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study presented some insight into how to design better performance-wise operators

similar to the ones presented in Chapter 5.

In addition to the proposed problem-specific operators, existing well-known generic
operators, three mutation operators and seven crossover operators, which have performed
well on related problems, were studied to select the best operators for the problem.
From the experimental results, existing operators performed the best under WSRP, when
straightforward GAs were used. Therefore, a simple GA does not require special or
tailored operators for this type of problems. However, the solutions were far from optimal
(shown in Table 2.5) indicating the need for a more efficient algorithm.

The tendency for constraints violations to exist in the initial solutions, when us-
ing a random method, can be controlled by using constraints handling methods, which
can construct initial feasible individuals. Thus, an indirect representation scheme was

proposed in the next chapter to ensure the feasibility of the initial population.

8.2.2 A Baseline GA for WSRP

Chapter 5 presented the design of problem-specific elements on a GA to tackle 42
different instances of WSRP and evaluated their offline tuning. An indirect chromosome
encoding scheme was designed to produce feasible initial solutions only.

Different operators were applied in this chapter. Some of these operators have proven
their efficiency in Chapter 4 and others were specially designed for the problem and
solution representation considered in the chapter. Four crossovers and two mutation
operators were taken from the literature, four crossover operators and two mutation
operators were designed for WSRP context.

Using methods such as greedy heuristics in a crossover or a gene flip in a mutation
has been applied in the literature previously. However, in Chapter 5, these methods were
used in the design of the proposed operators with respect to the WSRP and the indirect

representation scheme. Contributions of Chapter 5 were as follows.

e An indirect chromosome encoding scheme, designed to produce feasible solutions.
The results showed that the proposed encoding was effective in maintaining the

feasibility of solutions and helped the GA to perform well depending on different
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problem sizes, indicating the merit to use constrictive heuristics to build feasible
initial solutions for WSRP. Rather than using randomly generated individuals that

require time to be repaired.

e Four cost-based crossover operators, including cost-based greedy crossover (CGX),
partially matched greedy crossover (PMGreedyX), flat-costs crossover (FCX) and
partially matched flat-costs crossover (PMFCX). For smaller instances, greedy
crossovers, such as CGX and PMGreedy, obtained the best results. However, for
larger instances, the greedy operators were computationally expensive. Thus, FCX

crossover provided the best results in faster computational-times.

e Two mutation operators, flat-cost flip (FCF) and zero-flip. Among the mutation
operators implemented, the FCF made a significant difference by improving the
performance of the GA. It has introduced more diversity to the population by

inserting new workers to an individual regardless of the overall cost.

Comprehensive computational experiments were conducted using various settings of
crossover rate, mutation rate, and population size, for each combination of one crossover
operator and one mutation operator with one population size. Results in Chapter 5 were
compared to published results to better understand how to enhance the GA performance.

The comparison showed that the GA was capable of finding some best-known results
for the larger problem instances and matching the best-known results for some of the
smaller ones. Hence, the proposed baseline GA with problem-specific components was
an effective evolutionary approach to solve the highly-constrained WSRP scenarios con-
sidered. However, the parameter-tuning was impractical and computationally expensive.

Thus, the next research has aimed to improve the performance of this baseline GA.

8.2.3 Diversity-based Adaptive GA
Chapter 6 identified elements in the baseline GA design, which affected the degrad-
ation of the performance in later generations. Thus, adaptive parameter control method

was integrated into the baseline GA. Adjusting parameter values have shifted the search
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into more promising areas. This study aimed to investigate the effects of using adaptive
parameter tuning techniques in enhancing the performance of the GA for WSRP.

Three aspects were considered: an adaptation of mutation/crossover parameters, dy-
namic population re-sizing, and a random crossover exchange. Parameters were changed
to values that reflected the individual distribution and differences in a population, i.e.,
the population diversity.

Six GA variations were triggered by stagnation, i.e., no improvements on the cost
values. Including adaptive mutation/crossover rates AGA, adaptive rates with dynamic
population re-sizing AGADP, dynamic population re-sizing only GADP, adaptive rates
with random crossover alterations RCAGA, random crossover with dynamic population
re-sizing RCGADP, adaptive rates with dynamic population re-sizing and random cros-
sover alterations RCAGADP. Extensive computational experiments were conducted on
these variations. Results obtained were compared to the baseline GA. Contributions of

Chapter 6 were as follows.

e Adaptive parameters rates control methods, extended from the literature, were
applied. This method proved to be a key strength of the study as it provided
better results for WSRP scenarios, especially in problem sets D and F, by avoiding
premature convergence. Thus, it can be claimed that this study has established

the efficiency of using adaptive rates for real-world problems.

e Dynamic population re-sizing was designed specifically for the baseline GA and
can be integrated into other EAs. The size was changed dynamically during the
run when there was no improvement, with respect to the step size, while always
preserving 10% of the best-found solutions. Two methods of population re-sizing
were used: population increasing and shrinking. Dynamic population re-sizing
achieved the highest levels of diversity in A, B and C problem sets with fitness
landscape change throughout the generations. This method aided in obtaining
good solutions quickly in smaller instances. However, its performance was limited

when used on problem sets D, E, and F.

The random crossover exchange method proposed in the chapter has selected an
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arbitrary crossover, if there were no improvements, for the last four generations. The
algorithm benefited from the performance of a group of crossover functions used rather
than using one crossover throughout the run. This method allowed the crossover to
continue to find better solutions and exhibited good fitness results, especially in A,
B, C and E instance sets. In contrast, random crossover exchange was proven to be
computationally expensive for D and F problem sets and was unable to converge to
better cost values while it was statically worse than AGA, GADP, and AGADP.

Different adaptive variations were suited for different WSRP scenarios and all meth-
ods had outperformed the baseline GA. The highest number of best solutions was ob-
tained when using AGA, especially in large problems with faster computation-time than
the baseline GA. On the other hand, dynamic population re-sizing methods have suc-
ceeded in obtaining a diverse set of solutions, but with worse solutions than AGA. This
was because of the extensive time required for computing the adjustments.

Adaptive population size was updated more often than the operator rates, due to the
method sensitivity to change according to the population diversity, which varied from
one generation to the other. It would be interesting to assess the effects of less change
in the population size on the computational times and henceforth the solutions quality.

More research work was needed, especially towards the improvement of the crossover
selection, to advance the algorithm efficiency by achieving a good balance between having

a diverse set of solutions and a crossover selection.

8.2.4 Adaptive Multiple-Crossovers GA

Chapter 7 proposed a novel adaptive multiple crossover GA framework based on a
learning model that was customised to tackle the WSRP scenarios. The idea was to
adaptively distribute the application of the crossover function P. over all the operators,
giving high application rates to the best performers while still using the worse ones. The
crossovers application rates were distributed based on the learning outcomes in regards
to the environment changes. The goal of this study was to extend the diversity-based
adaptive GA presented previously by improving the operator selection efficiency. The

contributions of Chapter 5 included the following.
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e Adaptive multiple crossover scheme (AMC), with a fixed number of crossovers,
was used during the search. Crossovers were rewarded with scores during the
learning process, which affected their application rates during the run. They were
later adjusted with values that reflected the search environment. Rewards values
were given to a crossover according on its effectiveness at the current stage. To
evaluate a crossover, performance measurements were utilised to provide a score
for each operator, i.e., the crossover ability to produce dissimilar offspring than
their parents with fitness improvements. This method provided better and more

diverse solutions.

e The crossover application rates distribution matrix (CRDM) recorded the scores
during each cycle, and then transformed it as an application rate. The obtained
experimental results showed that the combined performances of all the operators
were better than using one operator in isolation. The results showed that PMFCX
crossover was the most utilised crossover in all methods indicating the benefit
of using well designed problem-specific operators. Applying good performance
crossovers with traditional crossovers have avoided premature convergence and

therefore encouraged the search further.

e Based on the performance measurements, three different variations of the AMC
were implemented with different cycle sizes. The fitness-based calculations AMC'y
have been proven to be faster than the diversity-based calculations AMCy, es-
pecially when using larger cycle sizes. The cycle-size which provided the highest
number of best solutions for each method was selected for more examinations
to apply an in-depth analysis. Even though there was no statistically signific-
ant difference among all methods, diversity-based calculations AMCy was the
best in comparison to other methods. The combinations between the diversity-
based measurement and the fitness-based measurement AM C}, have obtained bet-
ter computation-times than the separate methods as the scores were larger and

henceforth the rewarding scheme was faster.

e A diversity-based adaptive multiple crossovers GA (AMCGA). This method in-
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tegrates the adaptive rates adjustments framework (AGA) presented in Chapter
6 into the best performing multiple crossover framework, in this case, AM Cy that
provided the best results. The AGA was selected due to its effectiveness to alter

the rates quickly while providing the good results.

Extensive computational experiments were conducted using the different proposed
variations of AMC. Results obtained were compared to the baseline GA and a randomly
uniform variation of the AMC with no learning process. It was suggested that different
AMC methods applied to different datasets could obtain different results and henceforth
each problem set benefited from each method accordingly.

This study has shown that AMCs have a considerable influence on the performance of
the GA. This was because of the interactions between multiple operators using a learning
scheme that has provided better results than using a uniform distribution.

Methods that used diversity-based performance measurements have been proven to
be the best AMC method for WSRP, indicating the importance of biased recombination
operators that highlight the significance of distances between parents and offspring.

Thus, this method was included in a full adaptive GA that combined adaptive settings
control and multiple crossover framework that resulted in better quality solution in less
computational time. The findings of this thesis could be used to help to understand the
importance of adaptive components in EAs when tackling the combined scheduling and
routing problem settings.

Further work needs to be carried out to validate the features of the set of operators
used in this study, such as the number of operators and the type of operators. Previous
chapters have claimed that greedy operators were better for small WSRP instances.
However, they were excluded from the study because they were time-consuming. Thus,
this study must be repeated using greedy operators to show that the result can be
improved, given a much higher computation-time. Thereupon, another factor should be
included as a performance measurement: the time required to generate an offspring by

an operator. A higher score will be given for operators with less computational-time.
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8.3 Future Work

Further work could usefully explore how to visualise the solutions in a graphical user
interface (GUT). A GUI in this field would be of great help by enabling users to play a
central role in the optimisation loop, by performing actions at an interaction solution
levels. A user can select the solution elements, such as the number of visits, number of
workers and priority of objectives. It can also show a 2-dimensional view of the WSRP
solution. Additionally, a user might have the option to select a crossover operator over
another or select a set of operators (crossovers or mutations) to be included in an AMC.

The proposed GAs harnesses the power of the genetic components to solve the WSRP
instances considered. Even though the results have proven the efficiency of the GA
method to tackle WSRP, some elements of the proposed methods can be improved. This

section identifies some areas of interest for future work arising from this thesis.

Further research concerning WSRP
1. The work in this thesis used a weighted sum for the objective function that pri-
oritised avoiding conflicted assignments over the preferences or the operational
costs. Most of the objective functions used in related problems to the WSRP have
focused on measuring their plan by a multi-objective function to satisfy hard con-
straints [30, 118]. Given that, different objective-function calculations need to be
investigated. Also, adaptive penalty function can be used by extracting informa-
tion from the current population, such as the level of violation of each constraint

and each individual feasibility [87].

2. Mainly, soft constraints such as work breaks and regulations are not considered in
this thesis. According to experimentation, satisfying soft constraints can be chal-
lenging in WSRP context. Therefore, fuzzy sets are suggested to be investigated

to derive the combined satisfaction degrees of constraints.

Fuzzy sets introduces gradualism in the constraint satisfaction in the same manner
as the researched study by [126] on timetabling. Fuzzy IF-THEN rules are defined

to derive the satisfaction degree of each of the constraint. The satisfaction degree
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of planning visits with longer time periods is derived using the linguistic variables
time duration of a visit and time availability. Duration of a visit is described
by linguistic terms small, medium, and large, while time-window is assessed as
early, middle, and late with respect to its position in the weekly planning period.
Similarly, the linguistic variables distance between two visits is used to reason the
satisfaction degree of the proximity of plan. This seems to be a sound direction

towards progressing this research.

3. Real-world setting requires scheduling a weekly plan for workers. A weekly plan
was proposed to be included at a later stage of the research program. Such step
did not occur, and the entire research program was spent using a daily variation
of the WSRP. A future study investigating GA performance on the weekly plan

would be very interesting.

4. In the current research, more constraints should have been included such as team-
ing, repeated visitations, and shift coverage constraints, e.g., consecutive working

hours regulations per week and days off.

5. Real-time data denotes that data might change due to changes in the environment
[110]. One method that could be investigated is calculating distances according
to the transportation type in a real-time. Transportation vehicles will have dif-
ferent speeds, may take different roads and distances will change according to the

transportation type.

Further research concerning the Solution Methods
1. A major limitation of this study is the large number of objective function evalu-
ations required for this problems. A further study could utilise parallel function
evaluations that can reduce the computation-time by having independent perform-

ances [155].

2. An issue may arise on whether the adaptive method can further improve the per-
formances of more competitive EAs when used for WSRP scenarios. An inter-

esting examination would be to apply and compare this variation on different
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evolutionary algorithms to examine the exploitation powers in the context of a

dynamic/adaptive mechanism.

3. The interactions between different parameter settings are more difficult to evalu-
ate, especially when feedback-based adaptation is used. Therefore, self-adaptation
might be a better alternative to be used when combining different forms of control

as parameter settings to be evolved in addition to the solutions [47].

4. The results have indicated that more time is required when using dynamic-population
re-sizing in the adaptive GA. Thus, it will be interesting to assess the effects of less
adaptive adjustments in this method on the computational-time of the adaptive

GA and the quality of the generated results.

5. An investigation of a wider range of cycle and memory sizes should be carried out.
The reason for the selected parameters has been noted in Chapter 7, however more

evidence of the suitability of these sizes is needed.

6. So far, crossovers operators were only used as part of the AMC method. Another
way of creating a multiple operator GA is to use different mutation methods even
though FCF has obtained the best results with the baseline GA. Combining this

with results in Chapter 7 could also provide interesting results.

7. Another potential extension of this study is to compare the results against previous
methods of adaptive operator selections to investigate the efficiency of using AMC
in comparison to existing methods in the literature. This can provide some insights

into the strength of this method.
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Appendix A

Acronyms and Abbreviations

WSRP Workforce scheduling and routing problem.
HHC Home health care problems.

TCR Time conflict reduction.

WSR Worker suitability repair.

CBUX Cost-based uniform crossover.

CBM Cost-nased mutation.

CGX Cost greddy crossover.

PMGreedyX Partially-matched greedy crossover.

FCF Flat-costs crossover.

PMFCX Partially-matched flat-costs crossover.

FCF Flat-costs mutation.

ADGA Adaptive diversity-based genetic algorithm.
AMC Adaptive multiple crossover.

CRDM Crossovers application-rates distribution matrix.
AMCGA Diversity-based adaptive multiple crossovers genetic algorithm.
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Appendix B

Selecting Genetic Operators Results

Chapter 4 proposes an in-depth study on selecting genetic operators to maximise cus-
tomers’ and workers’ preference constraints. Experiments were conducted to assess the
performance of the proposed GA on the 35 real-world WSRP scenarios from Table 2.4.
Performance matrices are used to assess the quality of each mutation and crossover com-
bination in two variations of well-known GAs. This section provides all results using the

parameter settings shown in Table 4.1.
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Appendix C

Baseline GA Results

Chapter 5 proposes an indirect chromosome encoding scheme of WSRP problems with
six novel cost-based genetic operators tailored for the indirect chromosome encoding
scheme. Experiments were conducted to assess the performance of the proposed GA on
the 42 real-world WSRP scenarios from Table 2.4. This section provides all results using

the parameter settings shown in Table 5.1.
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Appendix D

Multiple Crossover GA Results

Chapter 7 proposes a multiple crossover framework that investigates the effect of cros-
sovers corporations on the GA performances. Performance measurements are used to
evaluate each crossover. This study helps to develop a new diversity-based GA custom-
ised for WSRP. Experiments were conducted to assess the performance of the proposed
GA on the 42 real-world WSRP scenarios from Table 2.4. This section provides all

results using the parameter settings shown in Table 7.1.
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APPENDIX D. MULTIPLE CROSSOVER GA RESULTS

Table D.1: Results of AMCy with different cycle sizes

Cycle-size = 5

Cycle-size = 10 Cycle-size = 15 Cycle-size = 25

206

Cycle-size = 40 Cycle-size = 50

1
2
3
A 4
5
6
7
1
2
3
B 4
5
6
7
1
2
3
C 4
5
6
7
1
2
3
D 4
5
6
7
1
2
3
E 4
5
6
7
1
2
3
F 4
5
6
7

1(s)
3.49
2.49
3.01
1.42
2.42
3.95
3.71
1.72
1.75
1.78
2.08
1.91
1.65
1.79
114.81
3.15
104.88
11.15
12.34
180.86
4.30
171.58
167.62
181.05
168.81
162.05
178.04
178.83
1.18
1.21
1.21
1.30
2.24
1.30
1.73
2019.45
2084.59
608.14
1330.02
197.32
625.08
3496.11

Cpt
2.28
2.19
39.82
37.24
0.81
11.13
0.76
173.37
0.73
429.94
3.60
423.12
282.57
183.43
547.44
0.66
583.52
1.96
58.25
488.32
0.00
3359.44
3450.02
3307.73
3493.58
3391.26
3117.82
3262.37
3448.63
3375.66
3370.88
3452.65
3421.14
3186.31
3273.79
27545.09
27714.86
27785.94
27419.83
28233.26
28000.67
27917.18

1(S)
3.49
2.54
3.02
1.42
2.42
3.55
3.71
1.72
1.75
1.78
2.08
1.90
1.65
1.79
114.81
3.15
104.65
11.15
12.34
180.80
4.30
171.08
168.11
180.86
168.42
161.99
178.35
178.71
1.18
1.21
1.21
1.29
2.24
1.30
1.73
2035.17
2084.84
608.32
1328.77
197.57
624.96
3495.55

Cpt
2.27
2.34
14.83
41.84
0.81
3.21
0.81
141.90
0.71
555.93
4.06
490.40
80.54
57.24
513.89
0.67
675.85
1.84
2.94
301.95
0.00
3408.46
3046.96
3361.38
3323.28
3266.39
3209.79
3367.56
3366.72
3311.93
3428.17
3512.18
3469.36
3233.54
3486.11
27760.40
27671.16
27767.11
27863.52
26783.72
27835.21
28138.01

1(s)
3.49
2.49
3.02
1.42
2.42
3.95
3.71
1.72
1.75
1.80
2.08
1.91
1.64
1.80
114.87
3.15
105.02
11.15
12.34
180.80
4.30
171.33
168.05
181.17
168.55
161.74
178.29
178.65
1.18
1.21
1.22
1.30
2.25
1.30
1.73
2048.20
2083.91
609.01
1329.02
196.89
624.96
3496.67

Cpt
1.39
8.38
63.45
48.61
0.48
11.45
0.46
126.70
0.46
366.64
2.33
435.69
233.08
198.38
402.88
0.18
523.95
1.30
2.77
464.63
0.00
3317.93
3331.77
3301.24
3445.52
3176.14
3289.81
3401.26
3261.94
3445.05
3471.14
3349.56
3220.36
3305.84
3194.47
27720.13
26916.03
27746.14
26246.46
27527.14
27845.46
26942.08

()
3.49
2.49
3.02
1.42
2.42
3.55
3.71
1.72
1.75
1.79
2.08
1.90
1.64
1.80
114.82
3.15
104.83
11.15
12.34
180.67
4.30
171.33
166.93
181.04
168.55
161.87
178.34
178.83
1.18
1.21
1.21
1.29
2.24
1.30
1.73
2042.19
2085.10
607.82
1329.27
197.64
625.52
3496.17

Cpt
1.54
1.54
164.22
37.07
0.50
21.27
0.44
53.42
0.43
293.71
2.47
440.19
52.27
160.79
636.52
0.21
638.53
1.46
2.05
415.24
0.00
3327.88
3248.75
3265.26
3205.52
3255.79
3252.99
3380.42
3332.52
3382.67
3389.79
3473.30
3433.64
3406.23
3393.55
27867.38
27405.39
27981.40
27177.61
27416.26
28009.39
27906.72

1(s)
3.49
2.49
3.01
1.42
2.42
3.95
3.71
1.72
1.75
1.78
2.08
1.92
1.64
1.80
114.75
3.15
104.88
11.15
12.34
180.86
4.30
171.83
167.24
181.04
168.55
161.80
178.22
178.65
1.18
1.21
1.21
1.30
2.24
1.30
1.73
2027.16
2084.53
608.13
1329.77
196.33
625.08
3497.30

Cpt
1.52
1.04
159.18
31.25
0.43
3.06
0.38
69.57
0.29
475.20
2.56
398.93
184.46
142.78
591.50
0.25
438.24
1.22
2.68
535.54
0.00
3356.06
3288.78
3333.52
3371.49
3230.10
3218.53
3254.92
3208.34
3360.36
3349.07
3445.57
3445.60
3431.79
3439.09
28221.73
28020.99
27858.40
27328.58
27796.63
28038.06
26561.09

()
3.49
2.49
3.01
1.42
2.42
3.55
3.71
1.72
1.75
1.79
2.08
1.91
1.65
1.80
114.81
3.15
104.95
11.15
12.34
180.86
4.30
171.64
167.00
181.11
169.18
161.99
178.10
178.59
1.18
1.21
1.21
1.30
2.24
1.30
1.73
2038.31
2084.78
608.57
1329.45
197.39
625.39
3496.86

Cpt
1.27
1.34
40.36
40.20
0.39
8.13
0.35
56.57
0.29
253.69
3.45
475.67
79.07
281.44
465.10
0.28
584.06
1.20
2.23
612.04
0.00
3338.33
3252.35
3309.33
3421.87
3346.06
3160.83
3008.68
3392.45
3266.36
3454.17
3480.99
3476.29
3392.44
3408.90
27825.95
27499.32
27809.54
27999.67
28046.44
28046.17
27908.09
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Table D.2: Results of AMC,y with different cycle sizes

Cycle-size = 5

Cycle-size = 10 Cycle-size = 15 Cycle-size = 25

207

Cycle-size = 40 Cycle-size = 50

1
2
3
A 4
5
6
7
1
2
3
B 4
5
6
7
1
2
3
C 4
5
6
7
1
2
3
D 4
5
6
7
1
2
3
E 4
5
6
7
1
2
3
F 4
5
6
7

1(s)
3.49
2.49
3.07
1.42
2.42
3.95
3.71
1.73
1.75
1.78
2.08
1.91
1.65
1.80
115.06
3.15
104.95
11.15
12.34
180.80
4.30
170.90
168.06
181.35
168.68
161.68
178.29
178.77
1.18
1.21
1.22
1.29
2.25
1.30
1.73
2024.90
2083.10
608.69
1329.02
197.83
625.58
3496.86

Cpt
1.99
2.65
92.91
41.35
1.44
8.40
1.37
142.49
1.83
497.99
8.49
476.62
287.19
170.98
653.46
0.92
577.64
1.87
4.33
451.39
0.00
3428.94
3055.58
3332.59
3387.96
3372.65
3209.79
3271.09
3395.83
3496.47
3394.68
3491.73
3461.32
3378.41
3329.45
28127.22
27876.06
27972.15
28263.44
27837.37
28097.07
27518.27

1(S)
3.49
2.49
3.02
1.42
2.42
3.95
3.71
1.72
1.75
1.78
2.08
1.91
1.64
1.80
114.75
3.15
104.89
11.15
12.34
180.80
4.30
170.71
167.31
180.86
168.37
161.86
178.16
178.65
1.18
1.21
1.22
1.29
2.25
1.30
1.73
2022.40
2083.97
608.13
1329.58
197.20
624.96
3496.73

Cpt
1.85
2.62
58.57
67.69
1.26
8.30
1.42
276.01
1.22
570.47
21.25
483.60
72.75
244.68
566.20
0.86
434.64
1.79
68.90
431.25
0.00
3334.63
3405.58
3102.37
3476.31
3276.84
3353.26
3347.14
3404.99
3399.96
3460.71
3493.56
3424.19
3356.92
3452.58
28294.63
27978.79
27867.36
28029.66
28222.74
27996.64
27705.17

1(s)
3.49
2.49
3.04
1.42
2.42
3.95
3.71
1.73
1.75
1.79
2.08
1.91
1.65
1.80
114.75
3.15
104.82
11.15
12.34
180.86
4.30
170.96
167.68
180.80
168.11
161.99
178.35
178.71
1.18
1.21
1.21
1.29
2.25
1.30
1.73
2049.51
2084.66
608.45
1329.83
197.57
625.33
3496.11

Cpt
1.84
1.34
81.95
38.79
0.37
2.61
0.31
194.98
0.28
471.38
2.27
542.11
166.75
46.11
475.60
0.25
461.37
1.81
2.24
516.50
0.00
3313.66
3352.52
3428.34
3428.23
3301.03
3487.75
3425.99
3401.01
3339.53
3461.52
3442.85
3434.04
3111.46
3414.89
27972.18
27476.09
28019.48
27267.75
28118.77
27720.70
27598.11

()
3.49
2.49
3.01
1.42
2.42
3.55
3.71
1.72
1.75
1.79
2.08
1.91
1.64
1.81
115.12
3.15
104.71
11.15
12.41
180.92
4.30
171.64
167.18
180.68
169.06
161.86
178.16
178.53
1.18
1.21
1.21
1.30
2.24
1.30
1.73
2030.04
2084.09
608.13
1328.77
196.89
625.02
3496.42

Cpt
1.78
2.18
69.89
21.47
0.36
15.30
0.30
94.37
0.36
427.43
2.52
457.65
63.15
228.09
499.97
0.26
623.05
1.89
1.72
507.93
0.00
3355.35
3398.43
3200.94
3442.53
3239.16
3313.71
3452.12
3370.88
3389.87
3363.94
3452.70
3421.78
3364.64
3276.55
27920.94
27299.37
28115.86
27890.37
27620.62
28287.13
27924.56

1(s)
3.49
2.49
3.08
1.42
2.42
3.95
3.71
1.73
1.75
1.78
2.08
1.90
1.65
1.80
114.94
3.15
104.95
11.15
12.34
180.86
4.30
171.14
166.99
180.92
168.87
161.73
177.98
178.71
1.18
1.21
1.22
1.30
2.25
1.30
1.73
2021.58
2084.16
608.26
1328.58
199.01
625.71
3497.05

Cpt
1.82
1.46
6.47
63.46
0.45
5.06
0.32
209.30
0.49
223.01
2.27
492.49
176.88
297.88
503.92
0.28
585.44
241
51.66
484.45
0.00
3277.79
3183.83
3103.47
3369.30
3298.28
3307.95
3364.08
3298.43
3518.68
3455.88
3467.18
3404.35
3395.50
3423.63
27489.73
27560.80
27505.86
27470.42
27571.43
27834.26
28022.93

()
3.49
2.49
3.01
1.42
2.42
3.55
3.71
1.73
1.75
1.79
2.08
1.90
1.64
1.80
114.87
3.15
104.89
11.15
12.34
180.79
4.30
171.40
167.75
180.92
169.18
161.80
178.28
178.59
1.18
1.21
1.22
1.30
2.24
1.30
1.73
2038.80
2083.72
608.19
1329.83
197.89
625.21
3495.92

Cpt
2.26
1.45
138.28
33.87
0.58
11.23
0.36
154.88
0.39
376.51
2.31
554.71
291.29
102.46
542.00
0.40
589.27
1.95
3.21
430.35
0.00
3236.50
3386.18
3449.86
3409.02
3320.35
3363.56
3316.37
3178.00
3393.73
3370.93
3431.34
3404.96
3314.98
3499.97
27914.03
26984.57
27317.73
26718.77
26929.99
27195.10
27868.05
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Table D.3: Results of AMC), with different cycle sizes

Cycle-size = 5

Cycle-size = 10 Cycle-size = 15 Cycle-size = 25
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Cycle-size = 40 Cycle-size = 50

1
2
3
A 4
5
6
7
1
2
3
B 4
5
6
7
1
2
3
C 4
5
6
7
1
2
3
D 4
5
6
7
1
2
3
E 4
5
6
7
1
2
3
F 4
5
6
7

1(s)
3.49
2.49
3.01
1.42
2.42
3.95
3.71
1.73
1.75
1.79
2.08
1.92
1.65
1.80
114.81
3.15
104.96
11.15
12.34
180.80
4.30
171.45
167.12
181.61
168.93
161.80
178.16
178.77
1.18
1.21
1.22
1.30
2.24
1.30
1.73
2019.70
2083.66
608.45
1329.64
197.64
626.52
3496.86

Cpt
1.98
2.53
54.20
31.07
0.75
18.12
0.61
222.96
0.66
362.28
2.53
407.60
146.97
131.54
599.83
1.16
559.87
3.73
2.28
417.75
0.00
3399.67
3437.03
3396.83
3365.32
3147.08
3300.07
3403.97
3444.72
3357.68
3397.45
3352.09
3473.13
3477.65
3382.28
27539.20
27833.10
25627.51
27894.24
27252.07
28030.58
26684.63

1(S)
3.49
2.49
3.02
1.42
2.42
3.55
3.71
1.72
1.75
1.79
2.08
1.93
1.65
1.80
114.87
3.15
104.83
11.15
12.34
180.92
4.30
171.45
167.94
180.93
168.37
161.61
178.10
178.83
1.18
1.21
1.22
1.30
2.24
1.30
1.73
2023.53
2084.78
607.95
1330.64
197.89
625.39
3496.55

Cpt
2.23
2.74
136.87
73.36
0.69
5.07
0.63
142.12
0.62
244.00
2.78
299.61
381.47
67.72
553.38
1.04
557.28
3.63
124.38
643.55
0.00
3392.00
3453.40
3360.48
3367.09
3316.43
3435.03
3472.06
3252.87
3363.99
3435.25
3218.46
3465.53
3076.20
3240.42
27576.29
27298.28
27834.72
27638.47
27175.06
27763.85
27696.83

1(s)
3.49
2.49
3.01
1.42
2.42
3.95
3.71
1.73
1.75
1.79
2.08
1.90
1.65
1.80
114.82
3.15
104.90
11.15
12.34
180.86
4.30
171.14
167.62
181.42
168.43
162.11
178.35
178.65
1.18
1.22
1.22
1.30
2.24
1.30
1.73
2040.69
2084.91
608.38
1330.51
198.26
625.08
3496.92

Cpt
2.29
1.31
50.60
64.82
0.51
15.25
0.38
195.78
0.29
368.47
3.09
511.01
201.70
53.91
598.87
0.23
526.95
2.17
61.96
599.68
0.00
3442.69
3453.72
3318.24
3355.37
3186.40
3360.57
3291.01
3342.78
3274.14
3344.19
3472.07
3373.85
3326.44
3476.05
27203.20
27373.65
27685.78
27890.51
27787.59
28323.26
28046.22

()
3.49
2.49
3.02
1.42
2.42
3.55
3.71
1.72
1.75
1.78
2.08
1.92
1.65
1.79
114.88
3.15
104.82
11.15
12.34
180.86
4.30
171.08
168.31
181.55
167.86
161.92
178.28
178.59
1.18
1.21
1.22
1.30
2.25
1.30
1.73
2039.30
2084.47
608.63
1328.33
198.51
625.77
3496.36

Cpt
1.65
1.42
115.48
66.38
0.42
8.93
0.32
262.21
0.34
435.03
7.28
558.09
137.81
144.08
641.68
0.20
535.76
2.25
2.58
377.21
0.00
3255.77
3450.06
3390.17
3412.84
3113.17
3278.63
3271.47
3206.71
3431.21
3395.24
3432.41
3450.09
3377.66
3375.31
27768.47
27944.11
27280.61
27308.04
28380.85
27519.31
28333.90

1(s)
3.49
2.49
3.01
1.42
2.42
3.95
3.71
1.72
1.75
1.79
2.08
1.91
1.64
1.80
114.87
3.15
105.02
11.15
12.34
180.80
4.30
171.52
167.56
180.98
169.37
162.05
178.16
178.71
1.18
1.21
1.22
1.30
2.25
1.30
1.73
2021.52
2084.53
608.45
1328.83
196.89
625.71
3495.92

Cpt
2.31
1.97
128.35
40.18
0.76
16.80
0.55
106.75
0.53
407.60
3.22
460.96
281.41
51.86
639.05
0.25
700.38
1.91
2.58
395.24
0.00
3250.89
3444.91
3209.59
3362.70
3399.84
3268.50
3009.97
3427.75
3434.15
3423.95
3473.62
3500.50
3294.87
3415.71
27840.59
26749.01
26875.31
27716.27
27739.92
27946.63
28087.23

()
3.49
2.49
3.01
1.42
2.42
3.55
3.71
1.73
1.75
1.79
2.08
1.92
1.65
1.80
114.93
3.15
105.01
11.15
12.34
180.92
4.30
171.39
168.12
180.80
168.42
162.05
178.47
178.77
1.18
1.21
1.22
1.30
2.25
1.30
1.73
2022.08
2084.65
608.63
1329.39
197.14
624.21
3495.73

Cpt
2.08
1.30
76.60
49.23
0.84
6.14
0.57
141.27
0.66
382.24
3.77
458.96
378.18
30.18
574.19
0.25
657.08
2.14
82.99
450.12
0.00
3209.53
3309.84
3340.14
3407.70
3408.36
3342.57
3283.58
3421.40
3229.69
3383.35
3444.60
3399.45
3313.30
3382.92
28361.81
27489.43
27584.57
27386.44
27788.02
27766.26
27715.90
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Table D.4: Results of AMCGA with different cycle sizes

Cycle-size = 5

Cycle-size = 10 Cycle-size = 15 Cycle-size = 25
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Cycle-size = 40 Cycle-size = 50

1
2
3
A 4
5
6
7
1
2
3
B 4
5
6
7
1
2
3
C 4
5
6
7
1
2
3
D 4
5
6
7
1
2
3
E 4
5
6
7
1
2
3
F 4
5
6
7

1(s)
3.49
2.49
3.06
1.42
2.42
3.95
3.71
1.73
1.75
1.79
2.08
1.91
1.64
1.79
114.75
3.15
104.75
11.15
12.34
180.92
4.30
170.29
166.02
179.69
166.70
161.44
178.23
178.41
1.17
1.20
1.21
1.29
2.24
1.30
1.72
2028.92
2081.92
604.77
1326.46
193.78
622.22
3493.24

Cpt
2.80
2.44
95.17
43.16
0.92
4.66
1.01
313.12
0.95
297.41
5.25
343.26
117.25
149.84
672.78
0.80
710.21
3.49
2.83
637.29
0.00
2642.44
2514.73
2580.69
2934.27
2832.85
2569.79
2743.62
2917.65
3291.38
3340.55
3343.83
3291.58
3056.44
3172.71
24054.86
22358.29
24585.93
22606.42
24042.89
26733.99
25911.33

1(S)
3.49
2.49
3.02
1.42
2.42
3.95
3.71
1.72
1.75
1.77
2.08
1.92
1.65
1.80
114.87
3.15
104.75
11.15
12.34
180.92
4.30
170.23
166.58
179.81
166.64
161.50
178.11
178.41
1.17
1.20
1.21
1.29
2.24
1.30
1.72
2036.82
2081.99
605.14
1326.28
193.59
622.41
3492.87

Cpt
2.81
4.49
221.92
51.27
0.87
26.59
1.03
160.06
1.03
327.03
5.12
459.26
97.23
87.54
644.23
0.71
804.69
3.14
2.40
586.95
0.00
2533.55
2109.05
2490.46
2382.08
2503.26
2765.96
3054.21
3390.71
3303.48
3181.93
2932.00
2921.37
2539.72
3314.44
23117.21
23765.59
22220.34
24782.11
25631.57
26415.45
24083.07

1(s)
3.49
2.49
3.04
1.42
2.42
3.95
3.71
1.72
1.75
1.79
2.08
1.91
1.65
1.80
114.75
3.15
104.95
11.15
12.34
180.99
4.30
169.86
166.14
179.69
166.82
161.32
177.99
178.48
1.17
1.20
1.21
1.29
2.24
1.30
1.72
2026.79
2080.99
604.58
1325.90
192.90
622.15
3493.31

Cpt
1.48
1.69
286.05
37.78
0.37
12.04
0.32
89.33
0.42
370.93
2.99
562.37
299.55
136.60
584.60
0.26
753.96
2.36
2.52
642.23
0.00
2688.24
2491.34
2702.18
2859.10
2899.74
2578.19
2360.13
2933.58
3379.91
3295.07
3138.78
3449.67
2704.09
3410.30
23474.04
23405.49
24437.32
26262.39
25798.48
26478.64
25423.22

()
3.49
2.49
3.08
1.42
2.42
3.55
3.71
1.73
1.75
1.78
2.08
1.91
1.64
1.80
114.83
3.15
104.82
11.15
12.34
180.99
4.30
170.42
166.51
179.44
166.94
161.32
178.17
178.48
1.17
1.20
1.21
1.29
2.24
1.30
1.72
2025.54
2082.61
604.96
1325.84
193.84
622.47
3493.99

Cpt
1.58
1.41
5.18
58.82
0.43
8.33
0.30
298.03
0.33
534.24
2.98
571.54
41.67
231.27
661.41
0.30
646.56
2.39
8.87
542.92
0.00
2914.28
2644.24
2848.37
2502.69
2865.06
2381.86
2616.74
3103.12
3276.42
3165.87
3120.54
3166.16
2984.45
3413.22
26021.25
25059.22
23856.19
26862.95
26811.12
25364.21
23516.84

1(s)
3.49
2.49
3.01
1.42
2.42
3.95
3.71
1.73
1.75
1.78
2.08
1.91
1.64
1.80
114.94
3.15
104.76
11.15
12.34
180.86
4.30
170.17
166.64
179.63
166.44
161.38
178.30
178.42
1.17
1.20
1.21
1.29
2.24
1.30
1.72
2022.53
2082.05
605.40
1325.96
193.46
622.09
3492.93

Cpt
1.82
16.29
75.08
55.21
0.35
5.98
0.49
163.29
0.31
482.33
3.24
493.85
260.05
126.49
750.26
0.32
792.24
2.43
2.02
520.03
0.00
2364.17
2715.30
2807.11
2759.27
2465.06
2499.03
2027.89
3163.68
3287.68
3085.13
3402.20
3355.34
2718.68
3317.77
26269.72
21904.99
23586.39
24967.53
25220.68
26382.94
26840.03

()
3.49
2.49
3.02
1.42
2.42
3.55
3.71
1.73
1.75
1.79
2.08
1.91
1.64
1.80
114.94
3.15
104.82
11.15
12.34
180.99
4.30
170.29
166.26
179.75
166.39
161.37
177.99
178.41
1.17
1.20
1.21
1.29
2.24
1.30
1.72
2019.72
2081.74
604.71
1325.90
192.78
622.34
3493.18

Cpt
1.78
1.27
27.63
42.71
0.38
7.05
0.51
146.45
0.29
468.52
3.17
396.11
146.05
78.43
640.35
0.30
681.10
2.64
2.35
446.39
0.00
2545.39
2512.36
2370.22
2511.47
2532.90
2368.70
2217.13
3285.83
3311.01
3137.97
3123.67
3378.24
2975.27
3278.99
22709.26
22516.85
22658.50
23458.95
25895.77
23680.04
24846.23




	Abstract
	Table of Contents
	List of Figures
	List of Tables
	List of Algorithms
	Acknowledgements
	Introduction
	Background and Motivation
	Why Are GAs Used in This Study?
	Thesis Objectives
	Key Contributions
	Publications
	Organisation of the Thesis

	Workforce Scheduling and Routing problem
	Introduction
	Main Features of WSRP
	Problem Constraints
	Problem Objectives
	Weights Calculations

	Problem instances
	Why WSRPs are Difficult to Solve?

	Solution Methods for Solving WSRPs
	Time-dependent Connected Tasks Constraints
	Non-Connected Tasks Constraints

	Summary and Final Remarks

	An Overview on Genetic Algorithms
	Introduction
	Genetic Algorithms
	Chromosome Representation
	Initialisation and Evaluation
	Selection
	Search Operators
	GA Parameters
	Replacement strategies
	Optimising the GA performance

	Research Review on WSRP Related Problems
	Scheduling Problems
	Routing Problems
	The Combined Scheduling and Routing Problem

	Guidelines for designing a GA for real-world problems
	How to design a GA to solve WSRPs?
	Summary and Final Remarks

	Selecting Genetic Operators for WSRP
	Introduction
	Genetic Algorithm and Operators
	Chromosome Representation
	Steady State GA vs. Generational GA 
	Repair Operators
	Genetic Operators

	Experimental Study and Results
	Performance of Repair Operators
	Maximising Preferences-Constraints Satisfaction
	Effect of Using Different Combinations of Operators with Different Rates
	Computational Results for WSRPs Instances

	Summary and Final Remarks

	A Baseline GA for a WSRP
	Introduction
	Tailored Genetic Algorithm for WSRP
	Indirect Chromosome Encoding
	Genetic Operators

	Experimental Study and Results
	Mutation Operators Performance with Different Rates
	Crossover Operators Performance with Different Rates
	Performance of Different Population Sizes
	Comparisons Between WSRP Solution Methods

	Summary and Final Remarks

	Adaptive Genetic Algorithm to Solve WSRP
	Introduction
	Diversity-Based Adaptive GA
	Search Operators Rates Updates
	Dynamic Population Re-sizing
	Crossover Selection

	Experimental Study and Results
	Performance of the Adaptive GA in Time
	Effect of the Adaptive Control on the GA
	Baseline GA vs. Adaptive Control Methods
	Computational Results of Adaptive Control Methods

	Summary and Final Remarks

	Multiple Crossover GA to solve WSRP
	Introduction
	Adaptive Multiple-Crossover GA (AMCGA)
	Multiple-Crossover Framework (AMC)

	Experimental Study and Results
	Performance of AMCs in Time
	Performance of Different Cycle Sizes
	Performance Comparison of Different AMCs
	Using AMC as a Component of AMCGA
	Results of AMCGA vs.WSRPs Solutions Methods

	Summary and Final Remarks

	Conclusions and Future Work
	Introduction
	Review of Contributions
	Selecting genetic operators to maximise preference satisfaction in WSRP
	A Baseline GA for WSRP
	Diversity-based Adaptive GA
	Adaptive Multiple-Crossovers GA

	Future Work

	Bibliography
	Appendices
	Acronyms and Abbreviations
	Selecting Genetic Operators Results
	Baseline GA Results
	Multiple Crossover GA Results

