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Abstract

In this study, we compose a new metaheuristic algorithm for solving the resource-constrained
multi-project scheduling problem. Our approach is based on a general metaheuristic strategy
which incorporates two resource-buffered scheduling tactics. We build on the most effective
evolutionary operators and other well-known scheduling methods to create a novel genetic
algorithm with resource buffers. We test our algorithm on a large benchmark dataset and
compare its performance to ten existing metaheuristic algorithms. Our results show that
our algorithm can generate new best-known solutions for about 20% of the test instances,
depending on the optimisation criterion and due date. In some cases, our algorithm outper-
forms all other available methods combined. Finally, we introduce a new schedule metric
that can quantitatively measure the dominant structure of a solution, and use it to analyse
the differences between the best solutions for different objectives, due dates, and instance

parameters.
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1. Introduction

The Resource-Constrained Multi-Project Scheduling Problem (RCMPSP) is an optimisation
problem where multiple independent projects need to be jointly planned and completed whilst
sharing limitedly available renewable resources among them. As an extension of its single-
project variant, the multi-project scheduling problem is also NP-hard (Blazewicz et al.,|1983]).
Therefore, finding the optimal schedule for realistically sized RCMPSPs is a difficult feat
because exact solution methods quickly become computationally intractable. As a result,
most of the academic literature has resorted to designing metaheuristic solution methods to

find near-optimal solutions in ample time.
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Recently, Bredael and Vanhoucke (2023) have compared the available metaheuristic solution
algorithms on a dataset by Van Eynde and Vanhoucke|(2020) for multiple optimisation criteria
and different types of project due dates. They found that scheduling the projects individually
in a certain project order quickly improves the schedule for project tardiness-based objectives.
Therefore, the algorithms that employ such a project prioritisation strategy performed well on
these criteria. However, enforcing a strict project order during the scheduling process can lead
to inefficiencies in resource utilisation, as was demonstrated in this study. This paper builds
upon the insights gained from the benchmark comparison and the analysis of ten existing
metaheuristic algorithms to develop a new metaheuristic algorithm. The result is a solution
procedure that is a composition of previously identified effective elements from literature
based on a genetic algorithm. However, the key and novel component of our algorithm is
the implementation of two variants of a resource-buffered scheduling strategy within a serial
schedule generation scheme. The first variant artificially limits the number of resources that
a project is allowed to consume at any point during the scheduling horizon. The second
variant enforces a portfolio-level dynamic resource buffer that is iteratively lowered during
the scheduling process. The performance of this genetic algorithm with resource buffers is
compared to the best-known solutions generated by the ten existing metaheuristics on the
available benchmark datasets. Our results show that our algorithm is very competitive with
the existing solution procedures and can generate new best solutions for about 20% of test

instances on an identical stop criterion, depending on the objective and due date.

Section 2 provides an overview of the relevant literature. In Section 3, we introduce the
problem statement and the rationale behind our approach, as well as the resource-buffered
scheduling strategies. We also propose a new schedule metric to analyse the solutions provided
by our algorithm. Section 4 describes the composition of the metaheuristic algorithm in
more detail. Section 5 presents the results of our experiments, including the optimisation
of our algorithm’s parameters, the comparison of its performance to existing methods, and
the analysis of the contribution of the new resource-buffered scheduling strategies on the
algorithmic performance. We also examine the impact of optimisation criteria, due dates,
and instance metrics on the relative performance of our algorithm and the structure of the
best schedules. Finally, in Section 6, we summarise our main findings and discuss directions

for future research.

2. Literature review

An overview of ten existing metaheuristic solution procedures for the RCMPSP, analysed in
a benchmark overview by Bredael and Vanhoucke (2023) on the MPLIB1 dataset created
by Van Eynde and Vanhoucke| (2020), is presented in Table This table summarises five
ranges of characteristics. General characteristics refer to strategic components that can be
identified in the overall algorithm. Afterwards, the indirect solution representation of each
algorithm is summarised. Scheduling strategies refer to heuristic methods to improve the
schedule generation procedure for a given indirect solution representation. Finally, the selec-

tion and crossover operators of the evolutionary algorithm are presented. It is observed that



the majority of the metaheuristic solution procedures in literature are based on genetic algo-
rithms where the main differences can be distinguished in the choice of the indirect solution
representation and the evolutionary operators. One of the key differences of the new algo-
rithm, presented in this study, is the integration of novel scheduling approaches with resource
buffers as an addition to its schedule generation scheme. Additionally, the metaheuristic al-
gorithm inherits a selection of the most effective components from the solution procedures
in literature. In this section, we present a discussion on the algorithmic characteristics that
were adapted from these solution procedures as well as the link of the novel elements with the
academic literature. First, we discuss the generation of a diverse set of initial solutions based
on different well-performing elements from literature. Afterwards we discuss the evolutionary

mechanism of the genetic algorithm and its schedule generation schemes.

It has been established that the performance of metaheuristic algorithms depends signifi-
cantly on the quality of the initial set of solutions (Bredael and Vanhoucke, 2023). The
effectiveness of priority rule heuristics has also been confirmed by multiple studies (Browning
and Yassine, 2010; [Van Eynde and Vanhoucke, 2020). In light of these findings, our approach
aims to construct a diverse and competitive set of solutions to initialise the metaheuristic
algorithm. Decoupled priority rules, which consist of two separate rules, are a key component
of our strategy. The first project priority rule determines the project scheduling order, while
the other defines the order in which the activities of an individual project are scheduled. Fur-
thermore, inspired by the sequential approach observed in Wauters et al.| (2015), additional
initial solutions are generated by constructing randomised project sequences. Our scheduling
scheme generates schedules in a serial manner, sequentially planning the projects according
to the determined project priority rule or project sequence. The scheduling order of activi-
ties within each project is determined either by the activity priority rule or randomly for the
sequential approach. This project prioritisation strategy was shown to be advantageous for
mean project-tardiness objectives. To ensure diversity of the initial solutions, the interleaved
approach (Wauters et al., 2015)) is integrated. This approach stands in contrast to the project
prioritisation strategy, as it schedules only one activity at a time for each project, proceeding
at an equal pace. The (interleaved) order of projects is determined by a randomly generated
project sequence. The resulting solutions are particularly effective to minimise the portfo-
lio makespan or a maximum project-tardiness objective. Finally, like most of the available
solution procedures, we generate additional solutions by creating randomly determined RK

vectors, which are evaluated using the serial schedule generation scheme.

Similar to other population-based methods described in the literature, our evolutionary algo-
rithm is an implementation of the genetic algorithm framework. In our approach, solutions
are represented by a random key vector that determines the scheduling order of activities.
The initial population is generated using a combination of the methods mentioned earlier.
Previous research conducted by [Pérez et al.| (2016) found that the RK solution representa-
tion offers the best performance for RCMPSP test instances. This observation was further
supported by a benchmark study which highlighted the RK representation’s tendency to

converge towards solutions with a form of project prioritisation (Bredael and Vanhoucke),
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2023). It is important to note that the solutions generated by these heuristic approaches are
converted into a Random Key (RK) representation based on the start times of the activities
within the schedule. This conversion is necessary to ensure compatibility with the subsequent

evolutionary algorithm’s solution representation.

The main differentiating factor, and a core novelty of our overall algorithm, is the scheduling
strategy that is embedded within the schedule generation scheme, i.e. the manner in which
indirect solution representations are translated into direct schedule representations such that
the solution quality can be evaluated. For this study, two variants of a resource-buffered
scheduling strategy were developed on the basis of a serial schedule generation scheme. The
resource-buffered scheduling technique imposes artificial scheduling restrictions that are not
a part of the solution representation. These exogenous resource restrictions limit the access
to the shared resources for all or a subset of activities. These scheduling restrictions can be
interpreted as a buffer of resources that is either only available for the activities of certain
projects or, is only gradually released at certain time-points in the schedule. To the best of
our knowledge, this type of scheduling strategy is currently inexistent in literature on the
RCMPSP. The GO8 algorithm by |Gongalves et al. (2008) includes a variation of a different
scheduling strategy with a similar philosophy that instead directly imposes artificial restric-
tions on the earliest-feasible start times of activities. A key difference is that their scheduling
restrictions, in the form of artificial activity delay times and project release dates, are an
endogenous part of the solution representation. Because this technique artificially imposes
delays (i.e. restrictions) on the start times of activities we term this time-delayed scheduling.
In contrast to the GO8 algorithm, we made the deliberate decision to keep the parameters
of the schedule generation scheme external to the algorithm. This choice was based on the
observation that a dual solution representation hampers the convergence of the algorithm.
Additionally, the exogenous nature of the resource-buffered scheduling parameters allows us

to control and analyse the performance of these scheduling strategies.

3. Problem statement and solution strategies.

A formal description of the RCMPSP is given in section In section [3.2] we introduce a
new metric to quantify the degree of project prioritisation that is present within a schedule by
analysing its indirect activity sequence representation. Section discusses the rationale of
the resource-buffered scheduling strategy. Finally, section [3.4] presents two implementations

of this resource-buffered scheduling strategy.

3.1. Problem definition
The RCMPSP is described using the symbols in Table 2] A set J of N projects, indexed by

7, needs to be planned in a multi-project schedule under joint renewable resource constraints,
yet separate precedence restrictions. Each project j consists of I; non-preemptive activities,
indexed by ¢ that have their own finish-to-start precedence relations. Correspondingly to most
studies on the RCMPSP, we solely consider the situation where precedence relations exist
exclusively within the activities of the same project and not between activities of different

projects. A duration d;; and a number of (k) resource requirements, represented by rji, is



given for every activity a;;. For each project, an arrival time or release date p; is defined that
specifies the earliest point in the time horizon that any activity of this project can be planned
in the portfolio schedule. Additionally, for every project a due date §; is given which acts as
a soft constraint on the projects’ makespan to penalise project completion late of this due
date. Finally, a set of renewable and shared, global resources with limited availability Ry,
indexed by k is presented. The combined consumption of these resources by the activities
of all the projects can never be higher than their availability at any point during the time

horizon of the schedule.

Table 2: Overview of notations and formulae.

Notations and formulae

General parameters Network parameters

The set of projects, indexed by j i The set of predecessors of a;;
N The number of projects in the portfolio CP; The critical path length of project j
n The number of non-dummy activities in the portfolio
121 The release date of project j Schedule metrics
] The due date of project j fijg = si5 + aij The finish time of a;;
I; The set of activities of project j, indexed by Sj = so0; The start time of project j
nj The number of non-dummy activities in project j F; = f(nj+1)j The finish time of project j
aj Activity ¢ of project j M; =F; —8S; The makespan of project j
dij The duration of a;; ) D;j =F; —4; The delay of project j, D;j > 0
ag; The dummy-start activity of project j
a(71j+1)j The dummy-end activity of project j Decision variables

Sij The start time of a;;

Resource parameters
K The set of renewable resource types, indexed by k
Ry The per period availablility of resource type k
Tijk The resource requirement of a;; for resource type k
TW Ky, The total resource requirement of resource k

by each activity of each project
TWK The total resource requirement of resource k

by each activity of project j

The task presented by the RCMPSP is to define a feasible set of start times, one for each
activity, that optimises a given optimisation criterion. Most of literature has limited itself to
only studying one or two objective functions at the same time. In this study, we analyse our
solution procedure on seven optimisation criteria for the RCMPSP. Objectives that optimise
for project tardiness criteria require the specification of a project due date. Table [3| describes
the different optimisation criteria and due dates that are used in this study. These are
identical to the ones proposed by |Bredael and Vanhoucke (2023). A more detailed description
of these optimisation criteria and due dates and the performances of these metaheuristic

algorithms can be retrieved in the aforementioned study.

3.2. Quantifying the degree of project prioritisation in a schedule

Project prioritisation refers to the grouping of projects’ activities in a clustered manner within
the portfolio’s schedule. It is observed when the start times of activities within one project
are much closer to each other compared to the start times of activities from other projects.
Currently, there is no metric available to quantify the extent of this clustering behaviour
within a schedule. Therefore, we propose a new metric to address this gap. It should be
noted that the proposed metric is applicable only to schedules where the number of non-
dummy activities is the same for each project, which is the case in the dataset we utilise.
This limitation arises because the value of the metric would be influenced by the order of

projects within the schedule, which is not desirable in this context.

The Project Prioritisation Level (PPL) expresses this degree of project prioritisation as a



Table 3: Overview of optimisation criteria and due dates.

Optimisation criteria

Makespan objectives

TPM Total Portfolio Makespan mazjc g Fj —minjc S,
APM Average Portfolio Makespan % ZiEJ F; —S;
Tardiness objectives
APD Average Project Delay % ZjEJ D;
D
ARG Average Relative Gap 1s ~—
g T Xiet =0,
SPD Squared Project Delay % Z]‘EJ(DJ‘)2
MaxPD Maximum Project Delay maz ;e gDj
D
MaxRG Maximum Relative Gap maz ey ﬁ
J J
Due dates

Network-based deadlines

CP1 100% Critical Path length 6; =1 xCPj)+7;,Vj€J
CP2 200% Critical Path length 6; =(2xCPj)+7;,Vj€J
CP3 300% Critical Path length 6 =B xCPj)+7;,VjeJ
Resource-based deadlines

TW K+
RLB1 Portfolio-level Resource Lower Bound 65 = S kE vjeJ

TWK — TW K-

foctoadius . _ 3 T
RLB2 Project-adjusted Resource Lower Bound 53‘ = (TWK?) X = ,VjeJd
N

value between 0 and 1. A value of 0 indicates that no clustering of the activities around
the activities of the same project can be observed, while a value of 1 indicates a maximal
degree of project prioritisation. A schedule with a maximal degree of project prioritisation is
characterised by a maximal clustering of the start times of activities belonging to the same
project. This indicates that, for any project, the start time of any activity of any different
project is either less than or equal to the start time of the dummy-start activity or, larger
than or equal to the start time of the dummy-end activity of the former project. To compute
the PPL of a schedule, first, the direct schedule representation is converted into an indirect
Activity Sequence (AS) representation by sorting the non-dummy activities from lowest to
highest activity start time. In case of a tie, the activity with the smallest finish time is put
first in the sequence. In the situation where two activities are tied on both metrics, the

activity with the lowest project- and activity-number is prioritised.

The PPL quantifies the extense of this clustering behaviour by analysing the average positions,
apj, of the activities of each project j in the schedule. The average position of a project,
ap;, is computed by averaging the positional indexes of its constituent activities in the AS
associated with the schedule. This computation is formalised in Equation |1, where v;; denotes
the positional index of activity 7 of project j. As a result, the project with the highest priority
will have the lowest average positional index, and vice-versa. In a schedule with a high degree
of project prioritisation, the average positions of the projects will be more distant from each
other. Therefore, the variance of these average positions, denoted by V', can be used as a proxy
to analyse the magnitude of this characteristic and its formula is given in Equation [2, The
obtained variance value, V, is not a relative indicator of the prioritisation level. To generate
a relative indicator between 0 and 1, where the latter indicates a schedule with maximal
project prioritisation, the variance of the average positions of the current schedule, V., is

compared to the V-score of a hypothetical schedule with a maximal degree of prioritisation.



This extreme schedule is given by an AS where any strict project order is enforced. As a
result, its associated V-score, Vinaz, is also maximal. By dividing the variance of the current
schedule, V., over the variance of the extreme case, V,,qz, the PPL, given in Equation [3] is

obtained.

Zie[j Vij
b

apj = — - Vied (1)
j
> ey ap;
V= 2 jeslap; — %pJ)Q 9
ppL = Jeur (3)

Figure [1] illustrates the computation of the PPL metric for two schedules with a visually
different degree of activity clustering. The schedule on the left panel exhibits a high degree
of project prioritisation while the schedule on the right panel does not seem to show this
characteristic. The PPL of the left-hand schedule is calculated by computing the average
position ap; for each project j based on the indirect AS representation. For the first project,

14+16+...+30 : :
=), which is

this is achieved by taking the average of its positional indexes v;1, (
equal to 24.1. The average position for the second and third project is equal to 15.4 and
7.0, respectively. The statistical variance of these three averages is computed by applying
equation [2] which results in a variance value of 48.74. The maximal variance value attainable,
Vinaz, is calculated by constructing any activity sequence where the projects follow a strict
order. In the example in Figure [I the calculation is performed for an activity sequence
where the activities are sorted by decreasing project index (3,2,1). It should be noted that
any strict project order leads to the same variance value when an identical number of non-
dummy activities for each project is assumed. As a result, the average position is equal to,
(%ﬁ'“*go), 25.5 for the first project and 15.5 and 5.5 for the second and third project,
respectively. The variance of these three numbers is equal to 66.67. As a result, by dividing
the variance of the left-hand schedule over the theoretical maximal variance, (%)7 its PPL
is obtained and is equal to 0.73. A similar calculation can be repeated for the right-hand

schedule which leads to a PPL of 0.03.

3.3. Rationale of resource-buffered scheduling strategies

Resource-buffered scheduling is expected to be beneficial for three reasons. First of all, it
is observed that, in schedules with a high PPL, the most prioritised projects exhibit very
unevenly distributed resource consumption patterns across their makespan. In other words,
significant peaks in the resource consumption of one or multiple types or resources can be
identified. Furthermore, it is observed that a relatively larger proportion of the resources
before and after these peaks remains unused because the projects with a lower priority did
not have sufficient precedence-feasible activities with a duration short enough to utilise the

resources at the restrictive time-window between those peaks. As a result, a project with a
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Average Position (AP) Theoretical maximal deviation of AP's Average position (ap)
Project1: 24.1 Project1:  25.5 Project1: 17.6
Project2: 15.4 PPL = 48.74/66.67 Project2:  15.5 PPL = 2.29/66.67 Project2: 14.8
Project3: 7.0 = 0.73 Project3: 5.5 = 0.03 Project3: 14.1
Variance of AP's: 48.74 Variance of ap's 66.67 Variance of ap's 2.29

Figure 1: Computation of the PPL metric for schedules with a high (left) and low (right) degree of project
prioritisation.

lower priority could be forced to delay a critical activity until a time-point after these resource
peaks, which causes the entire project to be delayed. Imposing artificial resource restrictions
will, therefore, improve the resource utilisation efficiency by distributing the resource usage
of the projects with a high priority more evenly over their makespan. Secondly, when the due
dates of the projects are not set at their critical path length and, for this reason, have
some slack, the risk that a project with a high priority will become tardy by imposing
resource buffers is reduced. For this reason, the proposed strategy of imposing resource
buffers is expected to be more advantageous in situations where the due dates are more lax

and evenly distributed. Finally, in contrast to the time-delayed scheduling strategy employed

by |Gongalves et al.| (2008)), our resource-buffered scheduling approaches are far less restrictive

because they only impose one artificial scheduling restriction whereas the former imposes one
per activity. A lower number of artificial restrictions increases the likelihood that more
optimal settings are predetermined. Additionally, in contrast to time-delayed scheduling,
more freedom is given to the scheduling algorithm to assign activities to their earliest feasible

start time which is expected to reduce the cost of overestimating the optimal buffer size.

3.4. Resource-buffered scheduling approaches

The two resource-buffered scheduling strategies in our discussion differ in the hierarchic level,
either project or portfolio, at which the resource buffer is enforced and the static versus
dynamic nature of this resource buffer. We commence by introducing two novel concepts that
are present in both of these strategies. First of all, for both approaches, the Most Critical
Resource (MCR) among the resource types in the portfolio needs to be defined. The MCR
is defined as the resource type k with the maximal ratio of Total Work Content (T'W Kj)
over the entire portfolio divided by its total renewable availability (Rj). Throughout the
remainder of this manuscript, the MCR is mathematically represented by k. Secondly, each
resource-buffered scheduling variant defines one artificial resource restriction that acts as an

additional scheduling constraint on either the project- or the portfolio-level, depending on



the specific strategy. A resource restriction can be interpreted as the inverse of a resource
buffer because it defines the number of resources that a project or portfolio is allowed to use
whereas a buffer defines the number of resources that cannot be used. For both variants, this

artificial resource restriction is only generated for the MCR, k.

The first strategy generates a resource restriction rr i for a single project j in the portfolio and
this restriction remains fixed during the scheduling procedure. The second strategy defines
a resource restriction rrz that restricts all the activities of the entire portfolio and gradually
reduces this restriction to zero by the time a target iteration 7% in the schedule generation
scheme is encountered. For this reason, the former approach is termed the fized-project
resource restriction strategy while we refer to the latter as the wvariable-portfolio resource

restriction strategy.

3.4.1. The fized-project resource restriction strateqy

In this scheduling approach, an artificial resource restriction rr g is defined for the project j
with the largest project earliness. This artificial scheduling constraint enforces that the sum
of the resource requirement of every activity of this project j is not larger than the resource
restriction T, at any point t in the schedule for the MCR. This project-level resource
restriction does not replace the portfolio-level resource availability constraints, although it
behaves in a similar manner. As a result, for the project 7 with the largest project earliness,
two different types of resource constraints have to be jointly respected, both on the portfolio-

level and on the project-level.

This artificial scheduling restriction can only lead to feasible solutions if it is defined within
a feasible range. First of all, a project-level resource restriction may not be smaller than
the largest resource requirement of the MCR of any activity in that project. Secondly, while
not a feasibility issue, a project-level resource restriction larger than, or equal to the total,
shared resource availability of the MCR does not further constrain the problem and should be
avoided. This feasible range is mathematically given in equation 4] For ease of representation,

we denote these feasible minimum and maximum values as rr g and 77 e

11 € [y ] = [max(ryg), Bel,vi € J (4)
A fixed-project resource restriction is determined within this feasible range for the project
with the largest slack towards its due date. A feasible solution can then be generated in
combination with a given indirect solution representation and the serial or parallel SGS
that respects this additional artificial fixed-project resource restriction. As a result, the
appropriate a priori determination of this fixed-project resource restriction is key to the
effectiveness of this resource-buffered scheduling approach and will be analysed in section [5]

by further restricting this feasible range.

3.4.2. The variable-portfolio resource restriction strategy
In this scheduling approach, an artificial resource restriction rrz is generated that applies to

the entire portfolio identically. Similar to the previous strategy, this scheduling constraint

10



enforces that the sum of the resource requirements of all the activities of every project in the
portfolio are not larger than the resource restriction rr; at any time ¢ in the schedule. In
contrast, however, because this scheduling restriction does apply to the entire portfolio and
should by definition not be larger than the resource availability Rz, it does effectively replace

the shared resource availability constraint Ry.

Just like the project-level resource restriction of the previous approach, this portfolio-level
artificial scheduling restriction can only lead to feasible solutions when it is defined within
a feasible range. It can not be smaller than the largest resource requirement of the MCR
of any activity in the portfolio and should never be larger than the total, shared resource
availability of the MCR. This feasible range is mathematically presented in equation [5] and

the minimum and maximum values are denoted as rr iE and 77 i

rry; € [rrp ) = [max(max(ry;z)), K] (5)
Another difference of this approach is that the portfolio-level resource restriction is dynamic.
The exogenously set initial value rrz is gradually increased and becomes equal to Rz when
a predetermined target iteration T is reached. In other words, the value of the resource
restriction rrz is increased with some linear or non-linear decrement each time a new activity
has been scheduled. At the target iteration 7%, the variable portfolio-level restriction reaches
the same value as the shared resource constraint Rz, at which point the restriction remains
constant at this value for the remainder of the scheduling procedure. Similar to the resource
restrictions, the target iteration 73 also has a feasible range defined in equation @ The
minimal target iteration 77 is equal to one, which means that the variable resource restriction
is increased to Ry once the first activity has been scheduled. In the other extreme case, the
maximal target iteration TE means the variable resource restriction rrz only reaches Ry
once the final non-dummy activity of the portfolio has been scheduled. The maximal target

iteration TE is, therefore, equal to n.

T €Ty, T = [1,n] (6)

Both an initial portfolio-level resource restriction and a target iteration are determined within
the aforementioned feasible ranges. In combination with a given indirect solution representa-
tion and a schedule generation scheme that respects this additional scheduling restriction, a
feasible solution can then be constructed. Key to the performance of this scheduling strategy
is, therefore, the a priori determination of the initial portfolio-level resource restriction and
the target iteration. This will be analysed in section [5| by further restricting these feasible

ranges.

4. Genetic algorithm with resource buffers

This section provides a detailed overview of the genetic algorithm with resource buffers. In

Section the solution representation maintained throughout the algorithm is discussed.

11



Section elaborates on generating a diverse and competitive set of initial solutions for
the metaheuristic algorithm. Section |4.3| presents the operators of the genetic algorithm,
embedding our novel scheduling approaches. Finally, Section [4.4] focuses on implementing
different schedule generation approaches, which are core elements of our metaheuristic algo-
rithm. Finally, to support the discussion of our algorithm, Figure [2| provides an overview of

its principal components and an overview of its parameters can be found in Table [6]

4.1. Solution representation

The solution representation in a genetic algorithm greatly influences the algorithm’s ability
to converge towards (near-)optimal solutions. In this study, we adopt the random key (RK)
solution representation, which has shown promising results for the RCMPSP. This indirect
solution representation assigns a fractional value between 0 and 1 to each of the activities
where a smaller value indicates a higher scheduling priority of the activity. As mentioned
earlier, the RK solution representation tends to converge to solutions with an approximate
ordering of projects in the resulting schedule. This characteristic contributes to an effective
solution structure, characterised by a larger PPL-value, that minimises the average project
delay (APD). It should be noted that for this convergence behaviour to be observed, the
dummy-activities should be included in the RK solution representation, which is the case in

our implementation.

A key distinction of our algorithm lies in the construction of these indirect RK-solution rep-
resentations, which are redetermined each time a schedule is generated. To construct the
RK-vector, fractional values between 0 and 1 are assigned to each activity, proportional to its
start time in the schedule. A similar approach has been conducted by |Debels et al.| (2006]).
For instance, the earliest activities in the schedule are assigned a value of 0, while activities
with the largest start time receive a value of 1. Consequently, activities with start times
halfway between the earliest and the latest are assigned a value of 0.50, and so forth. This
redetermination of the RK-vector based on their direct solution representations is expected
to increase the convergence capability of our algorithm. More importantly, however, it estab-
lishes a comparable indirect solution representation base, which allows for the regeneration
of the schedule using a standard serial schedule generation scheme, even if it was originally

generated using one of the resource-buffered scheduling approaches.

4.2. Initial population

It is known that the performance of metaheuristic algorithms depends significantly on the
quality of the initial set of solutions (Bredael and Vanhoucke, 2023). Consequently, in our
study, we acknowledge the importance of carefully constructing a diverse and competitive
set of initial solutions, equivalent to the population size of the evolutionary algorithm. To
accomplish this, we employ a combination of five methods, with each method contributing
an equal proportion of these initial solutions. Two of these methods include distinct clas-
sifications of priority rule (PR) heuristics that have demonstrated effectiveness in various
studies (Browning and Yassine), 2010; [Van Eynde and Vanhoucke, 2020). These priority rule
heuristics, along with other solution generation methods, are elaborated on in the discussion

below.
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Figure 2: Overview of genetic algorithm with resource buffers.
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Static priority rules: The first 20% solutions within the initial set of solutions is composed
of the top solutions created by priority rule (PR) heuristics that are both decoupled and
static. Decoupled priority rules are characterised by an hierarchically related project- and
activity-PR duo. The former describes the order of the project while the latter describes the
order of the activities within those projects. Static refers to the fact that the priority value
does not change while the schedule is being generated. Table [4] lists the 10 project- and 12
activity-PR’s that are employed to generate a total of 120 schedules. In case two activities
(projects) tie on a certain metric, the activity (project) with the lowest activity (project)
number is prioritised. We refer to the available studies on PR’s for the RCMPSP for a more
detailed description and analysis of these project- and the activity-PR’s (Mittal and Kandal,
2009; Browning and Yassinel 2010; Van Eynde and Vanhoucke, [2020).

Table 4: Overview of decoupled and static priority rule heuristics for the initial set of solutions.

Project-PR’s Activity-PR’s
Abbrev. Description Abbrev. Description
Min. CP; Min. critical path length Min. ES;; Min. earliest start time
Max. CPj Max. critical path length Max. ES;; Max. earliest start time
Min. SP; Min. serial/parallel-indicator Min. LS;j Min. latest start time
Max. SP; Max. serial/parallel-indicator Max. LS;; Max. latest start time
Min. TW K ; Min. project total work content of all resources Min. EF;; Min. earliest finish time
Max. TW K ; Max. project total work content of all resources Max. EF;; Max. earliest finish time
Min. p; Min. project due date Min. LFj; Min. latest finish time
Max. p; Max. project due date Max. LF;; Max. latest finish time
Min. TWK],E Min. project total work content of the MCR Min. Slack;; Min. activity slack
Max. TWK'],E Max. project total work content of the MCR Max. Slack;; Max. activity slack
Min. d;; Min. activity duration
Max. d;j Max. activity duration

Dynamic priority rules: An additional 20% of the initial set is composed of the best
solutions constructed by the priority rule combinations presented in Table|sl The five project-
PR’s presented are dynamic which means that their value and, therefore, priority could change
while the schedule is being constructed. For example, the 'max. expected project makespan’
and 'max. expected project delay’ PR’s keep track of the highest finish time among the
scheduled activities and the remaining critical path length among the unscheduled activities
to estimate the expected project makespan or delay, respectively. To this purpose, the latter
priority rule additionally subtracts the project’s due date from its expected makespan to
obtain a lower bound estimate of its expected project delay. The 12 activity-PRs that are
used to define the order of the activities within the project are identical to those in Table []
and, therefore, static in nature. Because a total of 60 solutions is generated in this step, the

maximum population size is limited to 300 solutions.

Table 5: Overview of decoupled and dynamic priority rule heuristics for the initial set of solutions.

Project-PR’s Activity-PR’s

Abbrev. Description Abbrev. Description

Max. rem. C'P; Max. remaining critical path length + 12 static activity-PR’s from first stage,
Max. rem. TW K ; Max. remaining project total work content of all resources ) see Table

Max. rem. TWK]E Max. remaining project total work content of the MCR

Max. expected M Max. expected project makespan

Max. expected D Max. expected project delay

To further diversify the initial solution set, we employ three additional approaches. The
third and fourth groups of initial solutions are generated by scheduling the projects based on

a uniformly randomly generated sequence of projects using either the sequential or interleaved
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approach, respectively. In the sequential approach, activities from the project with the highest
priority are scheduled first, followed by the activities of subsequent projects. On the other
hand, the interleaved approach schedules one activity at a time for each project, progressing
at an equal pace. For a more detailed understanding of these approaches, we refer to the
study by [Wauters et al| (2015)). Finally, the remaining 20% of solutions are generated by
constructing RK-vectors that are randomly generated. It should be noted that the serial
schedule generation scheme is utilised for all five solution generation methods mentioned
above and every schedule generated in this initialisation step is counted towards the stop

criterion (Sy) of the subsequent genetic algorithm, as is mentioned in Figure [2] as well.

4.83. Genetic algorithm

This section presents the genetic algorithm employed in this study. The algorithm consists
of two distinct populations: the parent population (P,), which at first represents the initial
solutions, and the child population (P,), comprised of newly generated solutions. The evolu-
tionary process can be summarized as follows: Initially, the top 10% best solutions from the
parent population are directly copied into the child population. From the parent population,
two solutions are selected using distinct selection operators, one for each solution. By apply-
ing a crossover operator, two novel RK-vectors are created by recombining the RK-vectors
of the selected solutions. Subsequently, a mutation operation is performed on each of these
newly generated solutions, with the probability of mutation determined by the parameter m.
The resulting child RK-vectors are evaluated by at least one and up to four different schedule
generation approaches to assess the performance of their respective schedules for the objec-
tive under analysis. In cases where multiple schedules are generated, only the best schedule
is retained. This is achieved by redetermining its RK-vector based on its direct schedule
representation, with the RK-values set proportionally to the start times of the constituent
activities. The resulting solutions are added to the child population until its size matches
that of the parent population, which is predefined by a parameter p. Once this occurs, the
child population replaces the parent population, and the entire procedure repeats until a pre-
determined limit of schedule generations, given by the parameter S, is attained, upon which
the best solution is returned by the algorithm, as visualised in Figure [2, The remainder of

this section discusses the different selection, crossover and mutation operators.

Selection operators: In each iteration of the genetic algorithm, the process of selecting
two solutions from the parent population is crucial. The first parent solution is consistently
chosen using the wuniform selection operator, which assigns an equal probability to each
solution. The selection of the second parent solution involves either the uniform selection
operator or one of two variants of the two-round tournament selection operator. The first
variant of the tournament selection operator, known as Tournament-fitness, randomly selects
two solutions and retains the one with the best performance on the objective under analysis.
This process is repeated in a second round, where again the best solution is preserved. The
second variant, called Tournament-PPL, operates similarly to the first variant but compares
the solutions based on their PPL-score, specifically seeking the one closest to the PPL-score

of the incumbent best solution found thus far by the algorithm. The selection of the most
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effective operator is explored through experimentation in Section

Crossover operators: Once two solutions have been selected, the genetic algorithm employs
one of the widely-used crossover operators to generate two new solutions by manipulating
their RK-vectors. The choice of using either the one-point, two-point, or uniform crossover

operator is examined through experimentation in Section [5|

Mutation operator: First implemented in the P16 algorithm by Pérez et al.| (2016]), a mu-
tation operator is executed with probability m. This mutation operator generates, for every

activity, a new random key value with a probability of 2% for each individual activity.

4.4. Schedule generation schemes

The core of our genetic algorithm with resource buffers is defined by the novel resource-
buffered scheduling approaches, which serve as alternative schedule generation schemes. In
this section, we discuss the four different schedule generation schemes present in our algo-
rithm. The first scheme, which is always executed, is the standard serial schedule generation
scheme and plans each activity sequentially at its earliest precedence- and resource-feasible
start time according to the order defined by the RK-vector. The second scheduling method
implements the fized-project resource restriction strategy (Section , with its execution
probability determined by the hyperparameter Sy,. The third scheduling method is an im-
plementation of the wvariable-portfolio resource restriction strategy (Section , with its
execution probability determined by the hyperparameter S,,. The fourth scheduling method
is the iterative backward-forward scheduling proposed by |Li and Willis (1992), with its execu-
tion probability determined by the hyperparameter Sy¢. Finally, a number of additional hy-
perparameters further influence the behaviour of the resource-buffered scheduling approaches

as detailed below.

Fixed-project resource-buffered scheduling: Two parameters z; and zo (z; < x2)
between 0 and 1 further restrict the feasible range of the fixed-project resource restriction as
described in equation [7] As a result, when z7 equals 0 and x2 equals 1, the entire feasible
range is considered. Increasing x; increases the lower bound, while decreasing xs decreases

the upper bound of this feasible range.

1 € g+ o (P —rryg) S g+ 22 (T — rryg)] (7)

Variable-portfolio resource-buffered scheduling: Two parameters y; and y2 (y1 < y2)
between 0 and 1 further restrict the feasible range of the variable-portfolio resource restriction.
Additionally, two parameters z; and 23 (21 < z2) between 0 and 1 further restrict the feasible
range of the target iteration. The former is described in equation |8 while the formula for the

latter can be found in equation [9}

rry € [rrg + (7 — ) rrp + y2 (7T — rrg)] (8)
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Ty € [T + (T — Tp) , T + 22(T5 — T)) (9)

The variable-portfolio resource restriction is increased and becomes equal to Ry once the
target iteration is attained according to a certain reduction mode R,,. We distinguish three
variants of these reduction modes which are subjected to experimentation in Section [} The
first variant, called the linear reduction mode, gradually increases the resource restriction at
a fixed rate given by RET;;?. At the target iteration 1%, the resource restriction is maintained
constant at Rz. The second variant, known as the concave reduction mode, initially exhibits

Ry—rre ;
& E 4 21

5 5

where 7 is the current number of activities scheduled by the algorithm. Once the resource

a slower increase in the resource restriction. This increase rate is defined by

restriction attains the value of Rz, it is remained constant at this level. Finally, the constant
reduction mode maintains the resource restriction at its original value until the target iteration
is attained. Subsequently, the resource restriction is immediately increased to the value of
Ry

The algorithm follows a systematic process comprising several steps that are summarised in
Figure[2l Initially, the standard serial schedule generation scheme is applied to the given RK-
vector, and its performance is evaluated, resulting in a baseline schedule. Subsequently, the
selection of alternative schedule generation methods depends on the probabilities associated
with each method. If the fixed-project resource-buffered scheduling variant is chosen, a
project-level resource restriction is randomly determined within a feasible range defined by
parameters z1 and xo, specifically targeting the project with the largest earliness in the
baseline schedule. In cases where no project is early, an artificial restriction is imposed on
the project with the smallest delay. On the other hand, if the variable-portfolio resource-
buffered scheduling variant is selected, both a portfolio-level resource restriction and a target
iteration are randomly determined within feasible ranges specified by parameters y1, yo, 21,
and zs. For either of these approaches, the resource-buffered schedule is then generated
with an adapted serial schedule generation scheme that adheres to this additional artificial
scheduling restriction and its fitness is evaluated. In the case of the iterative backward-
forward schedule generation scheme, the algorithm proceeds by conducting backward and
forward scheduling passes until no further improvement in the objective can be achieved. At
this point, the algorithm returns the best schedule obtained. If any of the schedules generated
by the three additional scheduling methods outperform the baseline schedule, it replaces the
baseline schedule. The RK-vector associated with the improved schedule is recalculated based

on the activity start times, and this solution is stored in the child population.

5. Computational experiments

In this section, our primary focus is on optimising the algorithmic parameters of our genetic
algorithm with resource buffers for the Average Project Delay (APD) optimisation criterion
and the portfolio-level Resource Lower Bound (RLB1) due date. The APD criterion has
gained widespread adoption in the literature for the RCMPSP, making it a suitable objective

17



for our algorithm’s optimisation. However, rather than relying on the commonly used project-
level critical path length (CP1) metric for assigning due dates to projects, we chose to optimise
our algorithm specifically for the RLB1 due date. The RLB1 due date assigns an identical,
and generally laxer, due date to each project, allowing for potential project earliness. We
hypothesise that our algorithm will exhibit superior effectiveness in optimising objectives for
this type of due date. For ease of comprehension, an overview of all the parameters of the

metaheuristic algorithm that are subjected to optimisation is presented in Table [6]

Table 6: Overview of algorithmic parameters.

Parameter Values Description Section

Evolutionary

p 100; 150; 200; 250; 300 Population size

m 0.10; 0.15; 0.20; 0.25; 0.30 Mutation rate

So Tounament-fitness; Tournament-PPL; Uniform Selection operator

Co One-point; Two-point; Uniform Crossover operator

Sg 10,000 - 100,000 Stop criterion: number of schedule generations

Fized-project RBS

x1 0; 0.2; 0.4; 0.6; 0.8 (< =2) Relative lower limit on project-level resource restriction
z2 0.2; 0.4; 0.6; 0.8; 1 (> =1) Relative upper limit on project-level resource restriction

Variable-portfolio RBS

Y1 0; 0.2; 0.4; 0.65 0.8 (< y2) Relative lower limit on portfolio-level resource restriction
Yo 0.2; 0.4; 0.6; 0.8; 1 (> y1) Relative upper limit on portfolio-level resource restriction
z1 0; 0.2; 0.4; 0.6; 0.8 (< z2) Relative lower limit on target iteration
2z 0.2; 0.4; 0.6; 0.8; 1 (> 21) Relative upper limit on target iteration
R Linear; Concave; Constant Resource restriction reduction method

Frequency of schedule generation methods

Stp 0; 0.25; 0.50; 0.75; 1 Frequency of ’fixed-project’ schedule generation method
Sup 0; 0.25; 0.50; 0.75; 1 Frequency of ’variable-portfolio’ schedule generation method 15.3]
Sy 0; 0.25; 0.50; 0.75; 1 Frequency of ’backward-forward’ schedule generation method 5.3

Section [5.1] describes the optimisation process for the parameters of the evolutionary algo-
rithm. Furthermore, Section [5.2] summarises the parameter optimisation specifically related
to the resource-buffered scheduling approaches embedded within the genetic algorithm. The
optimisation of the frequency of the different schedule generation methods is the subject of
Section [5.3] To alleviate the computational burden and prevent overfitting of our algorithmic
parameters, the optimisation process discussed in these sections is conducted using the first
set of the MPLIB1 dataset. This dataset comprises 833 RCMPSP instances, each containing
6 projects and 60 non-dummy activities per project. Section presents the convergence
curves of our algorithm and highlights several observations pertaining to the integration of
the resource-buffered scheduling approaches. An in-depth overview of our algorithm’s perfor-
mance is provided in Section [5.5] Additionally, we compare the results of our algorithm with
the combined best-known solutions generated by ten competing metaheuristic algorithms
across all 4550 test instances of the MPLIB1 dataset, considering multiple optimisation crite-
ria and due dates. Finally, in Section [5.6] we discuss the impact of various problem instance
metrics on the relative performance of our algorithm. We also explore the structure of the
schedule, as measured by the Project Portfolio Level (PPL) metric, described in Section
0.2

5.1. Optimisation of evolutionary parameters

In our optimisation approach, the parameters of the evolutionary algorithm are optimised

before any of the other parameters. This requires fixing the non-evolutionary parameters at
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a reasonable value. To achieve this, the resource-buffered scheduling parameters are fixed by
setting x1 and y; at 0 and x2 and ys at 1, indicating that the full range of feasible resource
restrictions is allowed. Similarly, the z; and zo parameters that determine the range of the
target iteration are set at 0 and 1, respectively. Furthermore, the parameters that determine
the frequency of the different schedule generation methods Sy, S, and Syy are set at 0.50
meaning that each of these schedule generation methods is executed with a probability of

50% for every newly generated RK-vector.

Table 7: Orthogonal experiment on the evolutionary algorithm.

Population size (p) Mutation rate (m) Selection operator (S,) Crossover operator (Co) APD - RLB1
250 0.30 Tournament-fitness Two-point 34.54
300 0.10 Tournament-fitness One-point 34.79
250 0.15 Tournament-fitness One-point 34.82
150 0.25 Tournament-fitness One-point 35.01
200 0.20 Tournament-fitness One-point 35.10
100 0,15 Tournament-fitness Two-point 35.35
150 0,10 Tournament-fitness Uniform 35.77
100 0.10 Uniform One-point 36.26
200 0.10 Tournament-PPL Two-point 36.41
150 0.15 Tournament-PPL One-point 36.56
100 0.30 Tournament-fitness Uniform 36.57
300 0.20 Uniform One-point 37.42
250 0.25 Uniform One-point 37.54
100 0.25 Uniform Two-point 37.57
200 0.30 Uniform One-point 37.74
250 0.20 Tournament-PPL Two-point 37.75
150 0.30 Tournament-PPL Two-point 37.96
300 0.25 Tournament-fitness Uniform 38.07
300 0.30 Tournament-PPL Two-point 38.49
150 0.20 Uniform Uniform 43.35
100 0.20 Tournament-PPL Uniform 43.44
200 0.15 Uniform Uniform 43.51
250 0.10 Uniform Uniform 43.75
300 0,15 Tournament-PPL Uniform 44.08
200 0.25 Tournament-PPL Uniform 44.10

Subsequently, the four remaining evolutionary parameters are optimised. To conduct this
optimisation, we employ an orthogonal experiment described in Table [7]] This experiment
comprises 25 runs, where we perform a full-factorial test of the population size and mutation
rate in combination with different selection and crossover operators. We ensure that each com-
bination of evolutionary operators is tested at least once, and every operator is individually
tested in conjunction with each population size value and mutation rate value. The results of
the experiment are sorted from best (top) to worst (bottom) and quickly reveal the significant
superiority of the tournament-fitness selection operator compared to the other two selection
operators. It is expected that the tournament-fitness operator outperforms the uniform se-
lection operator since it tends to select solutions with better performance, thereby enhancing
the algorithm’s convergence behaviour. However, interestingly, the experiment also highlights
that the PPL-metric fails to serve as a reliable proxy for solution quality, as it does not align
with the performance of the tournament-fitness selection operator. Furthermore, while the
uniform crossover operator is significantly outperformed, the results are less conclusive in
differentiating between the one-point and two-point crossover operators. To address this, we
conducted a full-factorial experiment for both crossover operators, considering all values of
the population size and mutation rate in combination with the tournament-fitness selection
operator. The results revealed a slight advantage for the two-point crossover operator over
the one-point crossover operator. The best performance was observed with a population size
of 250 and a mutation rate of 0.20, resulting in an APD of 34.49. Consequently, these values

are established as the optimal settings for the evolutionary algorithm.
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5.2. Optimisation of resource-buffered scheduling approaches

Section discusses the parameter optimisation for the fixed-project resource-buffered
scheduling technique, while section [5.2.2] analyses the optimal parameter values for the

variable-portfolio approach.

5.2.1. Optimisation of fixed-project approach

As mentioned earlier, the performance of the fixed-project resource-buffered scheduling method
depends on two parameters, 1 and x2, that define the range of resource restrictions that could
be imposed on the project with the largest earliness. Table [§] compares the performance of
this resource buffered scheduling technique for different ranges of resource restrictions. In
this experiment, the evolutionary parameters of the algorithm are set at their optimal value
as defined in the preceding section. Additionally, the Sy, parameter was set at 1, while the
Syp and Sy parameters were set at 0, indicating that only the standard serial schedule gen-
eration scheme and the fixed-project schedule generation method are executed for every new
solution. The results indicate that large resource restrictions are preferred over small ones,
as is indicated by the large performance differences between the bottom-left and upper-right
performance score. Moreover, excluding the largest resource restrictions from the interval
(larger z1) leads to more significant performance differences than excluding the smallest re-
source restrictions (smaller z9). The optimal setting was detected with 1 equal to 0 and x5
equal to 0.20.

Table 8: Optimisation of the limits on the feasible range for the fixed-project resource restriction.

Best: z; = 0.00, 2 = 0.20
1.00 36.86 36.91 36.97 37.16 37.26
0.80 36.79 36.83 36.93 37.06 -
To 0.60 36.81 36.81 36.93 - -
0.40 36.84  36.88 - - -
0.20 36.78 - - - -
APD - RLBI 0.00 0.20 (ZLO 0.60 0.80

5.2.2. Optimisation of variable-portfolio approach

Similarly to the previous approach, the variable-portfolio resource-buffered scheduling method
also relies on two parameters y; and yo that restrict the feasible range of the dynamic,
portfolio-level resource buffer. Table [J] lists the average performance values for different y;
and y2 parameter settings over all three reduction modes R,,. The S,, parameter was set
at 1, while the Sy, and Sy parameters were set at 0, such that only the variable-portfolio
approach is executed. The best performance was encountered when y; is set to 0.60 and ys is
set to 1, indicating that laxer portfolio-level resource restrictions achieved better performance.
Furthermore, to identify the best target iteration of the resource restriction, Table[I0| presents
the average performance values, tested over all three reduction modes R,,, for different z; and
zo values, which were set to 0 and 1, respectively, in the previous experiment. This experiment
is conducted using the best, previously identified, y; and ys values. The best performance
was encountered when the z1- and z9-parameters were set at 0 and 0.60, respectively. This

suggests that it is preferable to increase the resource restriction to its original level well before
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the final activities are scheduled, enabling optimal resource utilisation. Additionally, both
experiments revealed that the impact of the reduction mode R, was negligible. However,

the linear reduction mode yielded the best performance with an APD of 37.01.
Table 9: Optimisation of the limits on the feasible range for the variable-portfolio resource restriction.

Average performance over all R,

Best: y; = 0.60, y» = 1.00

1.00 37.24 3720 3726 37.08 37.16
0.80 37.27 3724 3723 37.20 -
Y2 0.60 3732 37.28 37.21 - -
0.40 37.28 37.27 - - -
0.20 37.36 - - - -
APD - RLB1 0.00  0.20 0.;10 0.60  0.80

Table 10: Optimisation of the limits on the feasible range for the target iteration.

Average performance over all R,

Best: z; =0, 2o = 0.60

1.00 37.08 3724 3729 3736 37.39
0.80 37.10 3730 37.30 3745 -
22 0.60 37.06 37.18 37.29 - -
0.40 37.06 37.23 - - -
0.20 37.12 - - - -
APD - RLB1 0.00 0.20 022110 0.60  0.80

5.83. Optimisation of frequency of schedule generation methods

After determining the optimal parameter settings for both the evolutionary algorithm and
the resource-buffered scheduling methods, we proceed to analyse the ideal frequency at which
each of these methods should be executed for every newly generated RK-vector. Increasing
the number of schedule generation methods is likely to enhance the quality of schedules
produced from a given RK-vector. However, it is important to consider that each schedule
generation contributes to the algorithm’s stop criterion. Consequently, a higher frequency
of the schedule generation methods limits the number of evaluations of different RK-vectors,
thereby reducing the algorithm’s convergence capability. In this section, we conduct a com-
prehensive full-factorial experiment to examine the optimal combination of the Sy, S, and

Sy parameters.
Table 11: Optimisation of frequency of the schedule generation methods.

Average performance over all five values of Sy

Best: Sp, = 1.00, S, = 0.25, (S,; = 0.50)
1.00 | 3529 3523 3522 3537 35.36
0.75 | 35.12 35.01 35.09 35.22 35.20
S,y 050 | 35.06 34.98 34.95 3494 34.89
0.25 | 3499 34.87 3480 34.83 34.80
0.00 | 3520 3499 3498 3489 34.98
APD - RLpL | 000 025 o§.io 0.75  1.00
p

21



Table |11] presents the average performance across all five values of the Sy; parameter, repre-
senting the frequency of the iterative backward-forward schedule generation scheme, for all
values of the Sy, and S,, parameters, which correspond to the fixed-project and variable-
portfolio schedule generation approaches, respectively. First of all, although not explicitly
stated in the overview provided by Table the performance of the algorithm is heavily in-
fluenced by the Sp¢ parameter. The lowest average performance is observed when it is set at
0, indicating that the iterative backward-forward schedule generation scheme is omitted from
the algorithm. This results in an average APD score of 36.77 across all values of Sy, and .
The best average performance for the S,y parameter is obtained when it is set equal to 0.50
with an average APD value of 34.61. Higher values of this parameter lead to lower average
performance scores, likely due to the increased number of schedule generations required by
the iterative scheduling approach. Furthermore, while the data exhibits slight oscillation for
the different Sp; settings, the average performance scores in Table [11] reveal a clear relation
between the performance of the algorithm and the frequency of the fixed-project and variable-
portfolio schedule generation methods (S, and S, respectively). A higher frequency of the
fixed-project schedule generation approach contributes to performance improvements, albeit
with diminishing returns. On the other hand, the variable-portfolio schedule generation
method reaches its optimal frequency when S,, is set equal to 0.25, indicating its contri-
bution to the algorithm’s performance while suggesting a comparatively lower effectiveness
compared to the fixed-project approach. The best combination of the three parameters is
identified with Sy, Sy, and Spy at 1.00, 0.25 and 0.50, respectively, resulting in an APD of
34.20.

5.4. Convergence curves

In order to evaluate the effectiveness of the novel resource-buffered scheduling approaches, we
examine the convergence curves presented in Figure [3] The figure illustrates two versions of
the metaheuristic algorithm: one incorporating the resource-buffered scheduling approaches
and the other without them. In the former version, all algorithm parameters were set to their
optimal values, while in the latter version, the Sy, and S,;, parameters were instead set at 0,
thereby excluding both the fixed-project and variable-portfolio resource-buffered scheduling
approaches. Figure [3| reports the outcomes of this analysis for three different combination of
objective and due date: Total Portfolio Makespan (TPM) and Average Project Delay (APD)
on both the CP1 and RLB1 due dates.

It is evident that, regardless of the optimisation criterion, the genetic algorithm incorporat-
ing resource buffers exhibits slower convergence compared to the algorithm without these
resource-buffered scheduling approaches. This can be attributed to the increased number of
schedule generations and evaluations for each newly generated RK-vector, which decelerates
the convergence process in the algorithm with resource-buffered scheduling. However, the
final performance of these algorithms varies depending on the specific objectives. Regard-
ing the Total Portfolio Makespan (TPM) objective, the algorithm with resource buffers is
consistently outperformed and fails to compensate for its slower convergence. In this case,

the algorithm without resource buffers achieves superior results. In contrast, when consider-
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Figure 3: Convergence curves of the genetic algorithm with and without resource-buffered scheduling (RBS).

ing the Average Project Delay (APD) objectives, different observations arise. For the CP1
due dates, the algorithm with resource buffers initially lags behind the algorithm without
these scheduling approaches. However, as the iterations progress, it catches up and even-
tually achieves a performance score that closely resembles the algorithm without resource
buffers. Conversely, for the RLB1 due dates, the algorithm with resource buffers surpasses
the other version of the algorithm at around 70,000 schedule generations and evaluations.
Consequently, on the RLB1 due dates, the algorithm with resource buffers demonstrates

superior performance over the algorithm without resource buffers.

5.5. Performance of genetic algorithm with resource buffers

The performance of the genetic algorithm with resource buffers is reported on the MPLIB1
dataset (Van Eynde and Vanhoucke, [2020) and compared against the performance of ten
existing algorithms that were benchmark in an earlier study (Bredael and Vanhoucke, 2023]).
However, in this preceding benchmark analysis, the performance of the metaheuristic algo-
rithms was only reported on all three sets of MPLIB1 (4550 instances) for the most commonly
used CP1 due date while the performance of the remaining four due dates was only reported
on the first set of the MPLIB1 dataset (833 instances). Because our algorithm is likely more
effective for multi-project scheduling problems on the RLB1 due date, as shown in Section
we extended the benchmark analysis to include the entire dataset for this due date.
In our analysis, we will focus on the CP1 and RLB1 due dates because these due dates
form project-level network- and portfolio-level resource lower bounds on the multi-project

tardiness, respectively.

Table [12] shows the benchmark performance of our algorithm using the previously identified
optimal parameter values. The stop criteria of our algorithm is equal to 100,000 schedule
generations which is identical to that of the previously benchmarked algorithms. The results
are reported for all three sets of the MPLIB1 dataset on the CP1 and RLB1 due dates. Table
also reports the results on the remaining three due dates for the first set of the MPLIB1
dataset, however, to condense our analysis, these performance measures will not be elaborated
on. In this table, the performance averages are an unweighted average of the value of the
optimisation criterion for all instances. From left to right, the first average reports the average
performance of the best existing metaheuristic algorithm for that combination of objective

and due date. The following average lists the average performance of the best solution
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returned by any of the ten existing metaheuristics for every instance. In other words, it is
equivalent to the average of the best-known solutions reported in the earlier benchmark study.
Afterwards, the number of times that at least one of the ten metaheuristics in our comparison
generated a solution that is better than the solution of our metaheuristic algorithm is reported
(#Best), while the following value reports the number of times their solution was better or
equally good (#BKS). The following four values then report the actual performance of our
genetic algorithm with resource buffers. Similarly, the average performance, number of best
solutions (#Best) and number of best or equally good solutions (#BKS) are reported. Finally,
we report the new average of best-known solutions generated by any of the 11 metaheuristics
such that future studies can compare the performance of their algorithm as well. The results
show that our novel algorithm is competitive with the ten existing metaheuristics, however, its
relative performance differs depending on the objective and due date, which will be discussed
more extensively in section In general, when we consider the performance on every
objective and due date combination of equal importance, our algorithm generates new best-

known solutions for 20.04% of the test instances.

5.6. Analysis of impact of problem instance metrics

In this section, we focus on the effects of the objectives, due dates and various problem
characteristics on the relative performance of our algorithm and the Project Prioritisation
Level (PPL) of the best schedule returned by our algorithm. First, we look at the impact of
the objectives, due dates and the size of the portfolio. Afterwards, we examine the effect of
the distribution of SP-indicators among the projects within the portfolio. Finally, we provide

concluding observations on the effects of resource metrics.

Impact of objectives, due dates and portfolio size: Table provides insights into
the performance of our algorithm and the structure of the best solution, as measured by the
Project Prioritisation Level (PPL) metric. The MPLIB1 dataset comprises three sets, each
containing a specific number of projects per instance: 6, 12, or 24 projects. For each set, the
percentage of instances in which our algorithm outperformed other algorithms is reported.
Additionally, the table presents the average (Avg.), standard deviation (SD), and minimum
and maximum values (Range) of the PPL for each combination of portfolio size, optimisation
criterion, and due date, generated by our algorithm. It is worth noting that the Total Portfolio
Makespan (TPM) and Average Portfolio Makespan (APM) objectives, which do not require
project due date specifications, are reported separately, for this reason. The findings highlight
that the performance of our algorithm depends on the number of projects in the portfolio,
with a more pronounced effect observed for the RLB1 due date compared to the CP1 due date.
This could be attributed to our fixed-project resource-buffered scheduling approach, where
only one project is subjected to an artificial resource restriction. Consequently, as the number
of projects in the portfolio increases, the impact of our resource-buffered scheduling methods
diminishes. Furthermore, the choice of optimisation criterion and due date significantly
influences the structure of the best solution, as indicated by the PPL, and impacts the
algorithm’s performance. The best schedules for the TPM objectives lean towards those

with low project prioritisation behaviour (low PPL), suggesting that progressing projects
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at a similar speed is more effective. Conversely, for objectives related to the CP1 due date
(excluding the MaxPD criterion), the opposite trend is observed. For the RLB1 due date, the
APD, ARG, and SPD objectives generate best schedules with an intermediate prioritisation
strategy, where our algorithm achieves significant performance. Prioritising certain projects
over others is no longer the unique optimal strategy because it leads to early completion of
prioritised projects, resulting in an opportunity cost for resource utilisation in progressing

other late projects.

Impact of network indicators: The composition of the portfolio, including the combina-
tion of serial and parallel projects, has an impact on both the relative performance of our
algorithm and the structure of the best solutions generated. The MPLIB1 dataset instances
are divided into seven groups based on the SP-indicators of their projects, focusing on the
composition of parallel and serial projects. A first group of test instances in the MPLIB1
dataset is composed of only projects with a more parallel network structure (SP < 0.35), a
second group consists of only projects with an SP between 0.35 and 0.65 and a third group
is composed of more serial projects (SP > 0.65). A fourth group is composed of an equal
number of projects with low, medium and high SP’s within the aforementioned ranges re-
sulting in a large deviation of the SP-indicators. While three additional groups with different
compositions exist, they are excluded for concise analysis. Table [14] provides an overview of
the algorithm’s relative performance in terms of the number of best solutions generated and
the average PPL (Avg.) of the best schedules for these four groups as well as their standard
deviations (SD).

Table 14: Impact of average and deviation of SP-indicators among the projects on relative algorithmic per-
formance and PPL of the schedules.

Low dev. of SPs ‘ High dev. of SPs

Low avg. SP Medium avg. SP High avg. SP
. _ 5 . 5 _ 5 . 5 _ . _
E Objective SPs: [0 - 0.35] SPs: [0.35 - 0.65] SPs: [0.65 - 1] SPs: [0 - 1]
o PPL PPL PPL PPL
S‘ #Best ‘ Avg. SD #Best ‘ Avg. SD #Best ‘ Avg. SD #Best ‘ Avg. SD
=
©
TPM 16 0.045 0.057 51 0.042 0.076 85 0.035 0.074 59 0.071 0.101
APM 139 0.757 0.125 47 0.721 0.144 41 0.703 0.170 24 0.763 0.070
APD 131 0.757 0.125 45 0.722 0.144 30 0.702 0.170 36 0.762 0.102
o) ARG 119 0.786 0.121 40 0.762 0.148 28 0.713 0.170 18 0.815 0.095
E SPD 246 0.742 0.131 176 0.693 0.154 165 0.662 0.178 99 0.756 0.101
MaxPD 36 0.320 0.113 29 0.219 0.141 38 0.159 0.134 24 0.355 0.132
MaxRG 350 0.675 0.138 318 0.574 0.153 271 0.486 0.162 249 0.773 0.105
APD 164 0.283 0.160 285 0.271 0.173 333 0.287 0.174 139 0.415 0.168
g ARG 100 0.283 0.160 306 0.273 0.176 360 0.289 0.175 189 0.417 0.167
w SPD 95 0.250 0.168 196 0.204 0.171 237 0.203 0.181 109 0.341 0.185
= MaxPD 54 0.044 0.057 109 0.042 0.076 146 0.033 0.073 122 0.073 0.105
MaxRG 377 0.044 0.057 180 0.042 0.076 177 0.033 0.073 294 0.073 0.105
# instances { 650 { 650 { 650 { 650

Several observations can be made from the analysis. Firstly, the composition of network
structures within the portfolio significantly affects the relative performance of the genetic
algorithm with resource buffers, with the direction of the effect dependent on the objective
and due date. For the TPM objective, our algorithm performs best when the projects are
predominantly serial or when there is a considerable number of highly serial projects. Con-
versely, for the APD objective with the CP1 due date, our algorithm performs relatively

better for more parallel projects, while its performance worsens when the network structures
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within the portfolio are highly diverse. However, for the RLB1 due date, better performance
is observed when the portfolio consists of mainly serial projects, while the algorithm’s perfor-
mance remains inferior when the projects exhibit high diversity in network structures. The
PPL of the best schedules also varies based on the portfolio composition, with the highest
PPLs observed for instances with highly diverse network structures. This indicates that a
project prioritisation strategy is more effective when projects differ significantly in their net-
work structures. Similar observations can be made on the remaining objectives and are left

to the interested reader to review in Table [I4l

Impact of resource indicators: The relative performance of our algorithm improves when
the workloads among the projects are more differentiated. This is shown in Table [L5] where
the instances are divided over three groups determined by the deviation of the total work
contents of the most critical resource (T'W K3) among the projects in the portfolio. The 1518
portfolios with the lowest deviation of TW K7 are assigned to the left-most group in the table
while the 1518 instances with the highest deviation are assigned to the right-most group. The
remaining 1520 instances are assigned to the middle group. In addition to the effect on the
relative performance, it is observed that a more heterogenous composition of the portfolio in

terms of the projects’ relative workloads increases the PPL of the best schedule.

Table 15: Impact of the deviation of the projects’ relative consumption of the most critical resource, TW K7 .

Low dev. TWK? Medium dev. TWKE High dev. TWK?
E Objective
o PPL PPL PPL
g‘ #Best Avg. SD #Best Avg. SD #Best Avg. SD
=S
o
TPM 119 0.027 0.059 100 0.042 0.076 147 0.094 0.110
APM 54 0.739 0.132 82 0.733 0.140 200 0.760 0.124
APD 45 0.739 0.132 80 0.733 0.140 212 0.760 0.123
Q ARG 65 0.727 0.132 81 0.779 0.140 137 0.800 0.118
E SPD 267 0.723 0.143 286 0.717 0.146 455 0.739 0.126
MaxPD 70 0.261 0.152 69 0.286 0.152 92 0.316 0.136
MaxRG 615 0.624 0.172 579 0.665 0.169 678 0.715 0.146
APD 507 0.337 0.173 416 0.348 0.182 487 0.372 0.191
g ARG 527 0.340 0.178 466 0.350 0.181 553 0.373 0.191
w SPD 357 0.254 0.177 300 0.277 0.188 324 0.324 0.203
= MaxPD 258 0.026 0.058 221 0.040 0.074 290 0.095 0.112
MaxRG 450 0.026 0.058 494 0.040 0.074 881 0.095 0.112
# instances | 1518 1520 1518

6. Conclusion

In this study, we propose a new genetic algorithm with resource buffers for the RCMPSP.
Our proposed algorithm demonstrates competitiveness with and, for 20.04% of the test in-
stances, superior performance compared to ten other metaheuristic approaches. By incorpo-
rating resource-buffered scheduling strategies, our algorithm excels in scenarios where project
due dates are more lenient and evenly distributed, allowing for potential project earliness.
Moreover, our results indicate that the effectiveness of our algorithm depends on the spe-
cific optimisation criterion and on the size of the portfolio, with a superior performance on
instances with a smaller number of projects. Furthermore, our findings highlight the impor-
tance of project prioritisation in heterogeneous project portfolios, as evidenced by the analysis
of the Project Prioritization Level (PPL) metric developed within this study. This finding

aligns with previous observations by |[Bredael and Vanhoucke, (2023). To further enhance
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the algorithm’s performance, future research could focus on incorporating resource-buffering

strategies for multiple projects.

The benchmark data for the 11 metaheuristics discussed in this study is available online at
www.projectmanagement.ugent.be/research /project_scheduling/RCMPSP. This data is in-
tended to encourage the development of more effective exact or heuristic solution methods
for the RCMPSP.
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