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In this article, the project scheduling problem is addressed in order to assist project managers at the early
stage of scheduling. Thus, as part of the problem, two priority optimization objectives for managers at that
stage are considered. One of these objectives is to assign the most effective set of human resources to each
project activity. The effectiveness of a human resource is considered to depend on its work context. The
other objective is to minimize the project makespan. To solve the problem, a multi-objective evolutionary
algorithm is proposed. This algorithm designs feasible schedules for a given project and evaluates the
designed schedules in relation to each objective. The algorithm generates an approximation to the Pareto
set as a solution to the problem. The computational experiments carried out on nine different instance sets
are reported.

Keywords: project scheduling; human resource assignment; multi-skilled resources; effectiveness of
human resources; multi-objective evolutionary algorithms

1. Introduction

In most organizations, the design of an initial schedule for a given project is a central, non-trivial
and costly task. This task involves defining feasible start times and feasible human resource
assignments for project activities. Moreover, to define human resource assignments, it is necessary
to have knowledge about the effectiveness of the available human resources in relation to different
project activities. In fact, the development and the results of an activity depend on the effectiveness
of the resources assigned to it (Heerkens 2002).

Usually, project managers must develop the initial scheduling of a given project in such a way
that the optimization objectives defined by the organization are reached. This task requires a
considerable amount of time, effort, experience in scheduling and knowledge about the available
human resources that can be considered for project activities. Besides, this task poses some risks.
Managers may make poor decisions on account of human limitations: lack of knowledge about
the organization and its resources, and incorrect assumptions, among others. Therefore, assisting
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46 V. Yannibelli and A. Amandi

managers at the early stage of project schedule design is a valuable and worthwhile initiative. In
this respect, knowledge-based automatic design has the aim of providing initial schedules in an
efficient way (i.e. time requirements are lower in automatic design than in manual design) and in
an effective way (i.e. erroneous decisions are minimized on account of all the available knowledge
arising from information on already executed projects).

Over the past 30 years, many different kinds of algorithm (i.e. exact algorithms, heuristics and
metaheuristics) have been proposed in the literature to automatically solve project scheduling
problems. In this context, different works have considered specificities of human resources (i.e.
skills, efficiency, workload capacity and cost per time unit). However, to the best of the authors’
knowledge, only a few works have considered human resources with different levels of effective-
ness (Bellenguez and Néron 2005, Hanne and Nickel 2005, Gutjahr et al. 2008), a central aspect
in real projects. These works state assumptions about the effectiveness of the human resources,
but these assumptions do not include some aspects that are really significant. In this sense, the
works assume that each human resource only has one or several skills, and an effectiveness level in
relation to each skill. Then, the effectiveness of a human resource in a given activity is determined
only on the basis of the effectiveness level of the resource in relation to one of the skills required
for that activity. Thus, only the skills of a human resource are considered as determining factors
of their effectiveness. However, other contextual factors that also determine the effectiveness of a
human resource in a given activity are not considered in the works mentioned above. Such factors
involve the attributes of the activity to which the resource is assigned, the other resources with
whom the resource in question must work, as well as the experiences and attributes of the resource
(Barrick et al. 1998, Heerkens 2002). Therefore, the effectiveness of a human resource should be
considered in relation to all the factors mentioned above.

In this article, the project scheduling problem is addressed with the aim of assisting project
managers at the early stage of scheduling. Thus, two priority optimization objectives for managers
at that stage are considered. One of the objectives involves assigning the most effective set of
human resources to each project activity, whereas the other objective entails minimizing the project
makespan. These objectives have been considered because the attention is focused on optimizing
the development and the results of the project activities as well as the time needed to obtain the
final results of the project. In relation to the first mentioned objective, the effectiveness of a human
resource is considered to depend on various factors inherent to its work context.

To solve the problem in question, a multi-objective evolutionary algorithm is proposed. Con-
sidering a given project, the algorithm designs feasible schedules for the project, and evaluates the
designed schedules in relation to each optimization objective. Regarding the first objective, the
evaluation is developed on the basis of knowledge about the effectiveness of the human resources
involved in each schedule. Regarding the second objective, the evaluation is developed in rela-
tion to the makespan of each schedule. As a solution to the problem, the algorithm generates an
approximation to the Pareto set.

A multi-objective evolutionary algorithm is proposed because the problem addressed here can
be seen as a multi-objective case of the resource constrained project scheduling problem (RCPSP)
(Blazewicz et al. 1983) and, therefore, the problem is an NP-hard problem. In this sense, the multi-
objective evolutionary algorithms have been proven to be effective in the resolution of a wide
variety of multi-objective NP-hard problems and, in particular, in the resolution of multi-objective
project scheduling problems (Coello Coello et al. 2007, Deb 2009).

The remainder of the article is organized as follows. In Section 2, the problem is defined. In
Section 3, a brief review of approaches proposed in literature for project scheduling problems is
given in which the effectiveness of human resources is considered. In Section 4, the evolutionary
approach designed to solve the problem is described. In Section 5, the computational experiments
developed are presented, and their results are analysed. Finally, in Section 6, the conclusions of
the present work are presented.
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Engineering Optimization 47

2. Problem description

A project contains a set A of N activities, A = {1, . . . , N}, that has to be scheduled (i.e. the starting
time and the human resources of each activity have to be defined). The duration, precedence
relations and resource requirements of each activity are known.

The duration of each activity j is notated as dj. Moreover, it is considered that pre-emption of
activities is not allowed, that is to say, when an activity starts, it must be developed period by
period until it is completed (i.e. the dj periods of time must be consecutive).

Among some project activities, there are precedence relations due to technological require-
ments. In general, each of the activities consumes products generated by other activities. Thus, the
precedence relations establish that each activity j cannot start until all its immediate predecessors,
given by the set Pj, have completely finished.

Project activities require human resources employees skilled in different knowledge areas.
Specifically, each activity requires one or several skills as well as a given number of employees
for each skill. A skill is considered to be a specialization in a knowledge area.

Companies and organizations have a qualified workforce to develop their projects. This
workforce is made up of a number of employees, and each employee masters one or several
skills.

Taking into consideration a given project, set SK represents the K skills required to develop
the project, SK = {1, . . . , K}, and set ARk represents the available employees with skill k. Then,
the term rj,k represents the number of employees with skill k required for activity j of the project.
The values of the terms rj,k are known for each project activity.

It is considered that an employee cannot take over more than one skill within a given activity.
In addition, an employee cannot be assigned more than one activity at the same time.

Based on the previous assumptions, an employee can be assigned different activities but not at
the same time, can take over different skills required for an activity but not simultaneously, and
can belong to different possible sets of employees for each activity.

As a result, it is possible to define different work contexts for each available employee. It is
considered that the work context of an employee r, denoted as Cr,j,k,g, is made up of four main
components. The first component refers to the activity j which r is assigned (i.e. the complexity of
j, its domain, etc.). The second component refers to the skill k which r is assigned within activity
j (i.e. the tasks associated to k within j). The third component is the set of employees g that has
been assigned j and that includes r (i.e. r must work in collaboration with the other employees
assigned to j). The fourth component refers to the attributes of r (i.e. his or her experiences, the
labour relations between r and the other employees of g, his or her knowledge, his or her studies,
his or her skills, etc.). It is considered that the attributes of r could be quantified from available
information about r (e.g. curriculum vitae of r, results of evaluations made to r, information about
the participation of r in already executed projects, etc.).

The four components described above are considered the main factors that determine the effec-
tiveness level of an employee (Barrick et al. 1998, Heerkens 2002, Wysocki 2003). For this reason,
it is possible to assume that the effectiveness of an employee depends on all the components of
his or her work context. Then, for each employee, it is possible to consider different effectiveness
levels in relation to different work contexts.

The effectiveness level of an employee r, in relation to a possible context Cr,j,k,g for r, is
notated as erCr,j,k,g. The term erCr,j,k,g represents how well r can handle, within activity j, the tasks
associated to skill k, considering that r must work in collaboration with the other employees of
set g. The mentioned term erCr,j,k,g takes a real value over the range [0, 1]. The values of the terms
erCr,j,k,g inherent to each employee available for the project are known. It is considered that these
values could be obtained from available information about the participation of the employees in
already executed projects.
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48 V. Yannibelli and A. Amandi

The problem of scheduling a project entails defining feasible start times (i.e. the precedence
relations between the activities must not be violated) and feasible human resource assignments
(i.e. the human resource requirements must be met) for project activities in such a way that the
optimization objectives are reached. In this sense, two priority objectives are considered for project
managers at the early stage of the project schedule design. One objective is that the most effective
set of employees be assigned each project activity. The other objective is to minimize the project
makespan. The first objective is modelled by Equations (1) and (2), and the second objective is
modelled by Equations (3) and (4).

max
s∈S

⎛
⎝e(s) =

N∑
j=1

eR(j,s)

⎞
⎠ (1)

eR(j,s) =
∑|R(j,s)|

r=1 erCr,j,k(r,j,s),R(j,s)

|R(j, s)| (2)

Equation (1) maximizes the effectiveness of the sets of employees assigned to the N activities
of a given project. In this equation, set S contains all the feasible schedules for the project in
question. The term e(s) represents the effectiveness level of the sets of employees assigned to
project activities by schedule s. Then, R(j, s) is the set of employees assigned to activity j by
schedule s, and the term eR(j,s) represents the effectiveness level corresponding to R(j, s).

Equation (2) estimates the effectiveness level of the set of employees R(j, s). This effectiveness
level is estimated calculating the mean effectiveness level of the employees belonging to R(j, s).
The mean effectiveness level is used because of the reasons presented below. It is considered
that the sets of employees are assigned to project activities with the following properties. First,
in the activities considered here, the effectiveness level of a set of employees depends on the
effectiveness level of each employee belonging to the set. Second, the higher the sum of the
effectiveness levels of those employees, the higher the effectiveness of the set. In the case of
project activities with the properties mentioned, the mean effectiveness level of the employees
of a set is a good predictor of the effectiveness of the set (Barrick et al. 1998). This is because
the mean effectiveness level of the employees of a set is directly proportional to the sum of the
effectiveness levels of those employees. Specifically, the higher the sum of the effectiveness levels
of the employees, the higher the mean effectiveness level. Thus, if the mean effectiveness level
is used as a predictor, the higher the sum of the effectiveness levels of the employees, the higher
the effectiveness of the set.

min
s∈S

(d(s)) (3)

d(s) = max
j=1 to N

(ft(j, s) = st(j, s) + dj) (4)

Equation (3) minimizes the makespan of a given project. In this equation, set S contains all the
feasible schedules for the project in question. The term d(s) represents the makespan of schedule s.

In Equation (4), the finish times defined by schedule s for N project activities are considered,
and d(s) is determined by the maximal finish time. The term ft(j, s) represents the finish time
of activity j in schedule s, and the term st(j, s) represents the start time of j in s. Then, ft(j, s) is
calculated as st(j, s) plus the duration of j.

The previously defined optimization objectives are possibly conflicting. When the objective
of minimizing the project makespan is taken into account, the effectiveness levels of the sets of
employees are not considered. Therefore, an optimal schedule in relation to the project makespan
could define sets of employees having effectiveness levels lower than the optimal levels. On the
other hand, when the objective of maximizing the effectiveness of the sets of employees is taken
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Engineering Optimization 49

into account, the project makespan is not considered. Thus, an optimal schedule in relation to
the effectiveness levels of the sets of employees could define a project makespan longer than
the optimal makespan. Based on these factors, there may not be a solution that optimizes all
objectives at the same time. In cases like this, the Pareto set, or an approximation to the Pareto set,
is generally considered as a solution to the multi-objective problem (Coello Coello et al. 2007,
Eiben and Smith 2007, Deb 2009). The Pareto set is the set of all non-dominated solutions. The
concept of dominance is described as follows.

Given two solutions, both of which have scores according to some set of objective values, one
solution is said to dominate the other if its score is better or equal for all objectives, and is strictly
better for at least one. The scores that a solution x gets for n objectives can be represented as an
n-dimensional vector x̄. Using the � symbol to indicate domination, the relation x � y is formally
defined in Equation (5).

x � y ⇔ ∀i ∈ {1, . . . , n} xi is better than or equal to yi,

and ∃i ∈ {1, . . . , n} xi is better than yi. (5)

For conflicting objectives, there is no single solution dominating all others, and a solution is
called non-dominated if it is not dominated by any other. The set of all non-dominated solutions
is called the Pareto set.

The Pareto set is formally defined in Equation (6). In this equation, the term S represents the
set of all feasible solutions.

Pareto set = {x ∈ S : � y ∈ S : y � x} (6)

In the context of the problem addressed here, once the Pareto set is determined, or an approxi-
mation to the Pareto set (i.e. a number of near non-dominated solutions) is calculated, the project
manager can select the solution that he or she prefers out of the set of solutions obtained. To
make this selection, the project manager should define his or her preferences about the trade-off
between the optimization objectives, and then he or she should choose the solution(s) that closely
match the desired trade-off (Deb 2009).

2.1. Problem example

In this section, a brief example of the project scheduling problem addressed here is presented.
Then, a feasible schedule for the project of this example is shown.

The project contains 11 activities. Figure 1 shows the precedence relations among the activities
of the project and details an estimated duration (expressed in weeks) for each activity.

The project activities require employees with different skills to be developed. In this sense,
Table 1 details the skills required for each activity and the number of employees required for each
skill.

To develop the complete project, five employees with multiple skills are available. Table 2
details the skills mastered by each one of the five available employees.

Considering the skill requirements of each project activity and the skills of the available employ-
ees, it is possible to define more than one feasible set of employees for the activities 1, 2, 6, 10
and 8. For example, it is possible to define three feasible sets of employees for the activity 6 (i.e.
the sets (E2, E4), (E2, E5) and (E4, E5)).

In relation to the effectiveness level of the available employees, Tables 3–5 show the effective-
ness levels of each of employees that can be assigned to the activities 2, 6 and 10, respectively. In
each of these tables, for each employee that can be assigned to the activity corresponding to the
table, all the possible work contexts inherent to the activity are presented, and an effectiveness
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50 V. Yannibelli and A. Amandi

Figure 1. Precedence graph of the project example.

Table 1. Skills required for each activity in the project example.

No. of activity Skill 1 Skill 2 Skill 3 Skill 4 Skill 5 Skill 6 Skill 7

1 1 1
2 2
3 1
4 1
5 1
6 2
7 1
8 1
9 1

10 2
11 2

Table 2. Skills mastered by each one of the five available employees in the project example.

Employee Skill 1 Skill 2 Skill 3 Skill 4 Skill 5 Skill 6 Skill 7

E1
√ √ √

E2
√ √ √ √

E3
√ √ √

E4
√

E5
√

level in relation to each mentioned context is presented. For example, in Table 4, the first column
indicates that the employee E2 can be assigned to the activity 6. Then, the two rows corresponding
to E2 present two possible work contexts for E2: E2 can be assigned as ‘skill 6’ (e.g. designer) to
activity 6 working in collaboration with the employee E4 or can be assigned as ‘skill 6’ to activity
6 working in collaboration with the employee E5. Then, the fourth column of the table indicates
that, in relation to the first mentioned work context, the effectiveness level of E2 is equal to 0.9
and, in relation to the second mentioned work context, the effectiveness level of E2 is equal to 0.8.

Based on the content of Tables 3–5, and considering the way in which the effectiveness of a
set of employees is calculated (Equation 2), it is possible to say that the employees E2 and E4
form the most effective set to develop the activity 6, the employees E2 and E4 also form the most
effective set to develop the activity 10, and the employees E2 and E1 form the most effective set
to develop the activity 2.
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Table 3. Effectiveness levels of each employee that can be assigned to activ-
ity 2: for each employee, different effectiveness levels are presented in relation
to different work contexts.

Employee Activity Skill Set of employees Effectiveness level

E1 2 2 (E1, E2) 0.9
2 2 (E1, E3) 0.7

E2 2 2 (E2, E1) 0.9
2 2 (E2, E3) 0.8

E3 2 2 (E3, E1) 0.7
2 2 (E3, E2) 0.8

Table 4. Effectiveness levels of each employee that can be assigned to activ-
ity 6: for each employee, different effectiveness levels are presented in relation
to different work contexts.

Employee Activity Skill Set of employees Effectiveness level

E2 6 6 (E2, E4) 0.9
6 6 (E2, E5) 0.8

E4 6 6 (E4, E2) 0.9
6 6 (E4, E5) 0.6

E5 6 6 (E5, E2) 0.6
6 6 (E5, E4) 0.4

Table 5. Effectiveness levels of each employee that can be assigned to activ-
ity 10: for each employee, different effectiveness levels are presented in relation
to different work contexts.

Employee Activity Skill Set of employees Effectiveness level

E2 10 6 (E2, E4) 0.8
10 6 (E2, E5) 0.7

E4 10 6 (E4, E2) 0.8
10 6 (E4, E5) 0.6

E5 10 6 (E5, E2) 0.5
10 6 (E5, E4) 0.4

Figure 2. A feasible schedule for the project example.

In addition to the content of Tables 3–5, it is considered that the employee E4 is the most
effective to develop the activity 8, and the employees E1 and E2 form the most effective set to
develop the activity 1.

Figure 2 shows a feasible schedule for the previously described project. The schedule indicates
the specific employees assigned to each activity and the starting time defined for each activity.
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3. Related works

Over the past 30 years, a large number of works in the literature have addressed project scheduling
problems and other kinds of scheduling problem. Some of these works do not consider specificities
of human resources (Kolisch and Hartmann 2006, Chan et al. 2006, Cortés Rivera et al. 2007,
Wong et al. 2009, Lau et al. 2009), while others do consider different specificities of human
resources (Hanne and Nickel 2005, Drezet and Billaut 2008, Li and Womer 2009, Heimerl and
Kolisch 2010). In this connection, different works have considered the effectiveness of human
resources in the context of project scheduling problems. Nevertheless, a few works have considered
human resources with different levels of effectiveness (Bellenguez and Néron 2005, Hanne and
Nickel 2005, Gutjahr et al. 2008), although with a great number of simplifications. In this section,
the attention is focused on analysing the way in which the effectiveness of human resources is
considered in related works.

Bellenguez (2008), Bellenguez and Néron (2004, 2007), Néron et al. (2006) and Néron (2002)
address the multi-skill project scheduling problem. In this problem, each project activity requires
specific skills and a given number of human resources (employees) for each required skill. Each
available employee masters one or several skills, and all the employees that master a given skill
have the same effectiveness level in relation to the skill (homogeneous levels of effectiveness in
relation to each skill). Bellenguez and Néron (2005) consider the multi-skill project scheduling
problem with hierarchical levels of skills. In this problem, given a skill, for each employee that
masters the skill, an effectiveness level is defined in relation to the skill. Thus, the employees that
master a given skill have different levels of effectiveness in relation to the skill. Then, each project
activity requires one or several skills, a minimum effectiveness level for each skill, and a number
of resources for each pair skill-level.

Li and Womer (2009) address the multi-skill project scheduling problem with the aim of min-
imizing the total staffing cost, and consider a specific workload capacity (i.e. weeks in a project)
and a specific salary for each employee. In Drezet and Billaut (2008) the objective of the multi-
skill project scheduling problem is to minimize the maximal lateness of the project, and consider
a specific workload capacity (i.e. duration of work per day, etc.) for each employee. Both works
consider homogeneous levels of effectiveness in relation to each skill.

The works mentioned in the preceding two paragraphs consider that all sets of employees that
can be assigned to a given activity have the same effectiveness on the development of the activity.
Specifically, with respect to effectiveness, such sets are merely treated as unary resources with
homogeneous levels of effectiveness.

Hanne and Nickel (2005) address the multi-skill project scheduling problem with three different
optimization objectives (i.e. time, quality and cost). In this work, most activities require only one
employee with a particular skill, and each available employee masters different skills. In addition,
the employees that master a given skill have different levels of effectiveness in relation to the
skill. Then, the effectiveness of an employee in a given activity is defined by considering only the
effectiveness level of the employee in relation to the skill required for the activity.

Valls et al. (2007, 2009), Aickelin et al. (2009) and Focacci et al. (2000) address the skilled
workforce project scheduling problem considering different optimization objectives. In this prob-
lem, each project activity requires only one worker with a particular skill, and each available
worker has different skills. In Valls et al. (2007, 2009), given a skill, for each worker that masters
the skill, an efficiency level is defined (heterogeneous efficiencies in relation to each skill). In
Aickelin et al. (2009) and Focacci et al. (2000), workers with homogeneous efficiencies in rela-
tion to each skill are considered. The four works consider workers with homogeneous levels of
effectiveness in relation to each skill.

Heimerl and Kolisch (2010) and Gutjahr et al. (2008) address the problem of scheduling
multiple projects taking into account different optimization objectives. Heimerl and Kolisch

D
ow

nl
oa

de
d 

by
 [

V
ir

gi
ni

a 
Y

an
ni

be
lli

] 
at

 0
7:

37
 0

9 
D

ec
em

be
r 

20
12

 



Engineering Optimization 53

(2010) consider human resources with homogeneous levels of effectiveness and heterogeneous
efficiencies in relation to each skill. They also consider a specific workload capacity and cost per
time unit for each resource. Gutjahr et al. (2008) consider human resources with different levels
of effectiveness and heterogeneous efficiencies in relation to each skill.

In summary, most of the analysed works consider human resources with homogeneous levels
of effectiveness in relation to each skill. Some of the analysed works consider human resources
with different levels of effectiveness in relation to each skill. Then, the effectiveness of a human
resource in a given activity is determined only on the basis of the effectiveness level of the resource
in relation to one of the skills required for that activity. Thus, only the skills of a human resource
are considered as determining factors of their effectiveness. Nevertheless, other contextual factors
that also determine the effectiveness of a human resource in a given activity are not considered
in the analysed works. Such factors involve the attributes of the activity to which the resource
is assigned, the attributes of the skill to which the resource is assigned, the other resources
with whom the resource in question must work, as well as the attributes of the resource. In
this article, the influence of all the above-mentioned contextual factors on effectiveness of the
human resources is considered. Specifically, the effectiveness of a human resource is considered
to depend on all the factors mentioned above. Then, for each human resource, it is possible to
consider different effectiveness levels in relation to different work contexts. The influence of the
work context on the effectiveness of the human resources has not been considered in previous
related works.

4. A multi-objective evolutionary algorithm

To solve the problem addressed in this article, a multi-objective evolutionary algorithm is proposed.
Multi-objective evolutionary algorithms are adaptive heuristic methods of search and optimization
inspired by Darwin’s theory of evolution (Eiben and Smith 2007, Goldberg 2007, Coello Coello
et al. 2007, Deb 2009). According to these algorithms, an initial population of candidate solutions
to a problem evolves towards the optimal solutions based on the principles of natural selection,
crossover and mutation.

The general behaviour of the algorithm is as follows. Considering a given project, the algorithm
starts the evolution from an initial population of solutions in which each solution codifies a feasible
project schedule. Then, each solution of the population is decoded (i.e. the related schedule is built),
and evaluated according to each optimization objective of the problem by a fitness function. As
explained earlier, one objective is to maximize the effectiveness of the sets of employees assigned
to project activities. In relation to this objective, the fitness function evaluates the assignments of
each solution based on available knowledge about the effectiveness of the employees involved in
the solution. The other objective is to minimize the project makespan. With regard to this objective,
the fitness function evaluates the makespan of each solution. Once the evaluations inherent in the
different objectives have been developed, the fitness function defines a scalar fitness value for
each solution.

Then, a selection process is used to select a number of solutions from the current popula-
tion according to a selection strategy. In general, the solutions with the greatest fitness values
have more chances of being selected. The selected solutions are paired, and a crossover pro-
cess is applied to each pair of solutions to generate new feasible ones. Then, a mutation process
is applied to modify the components of the solutions generated by the crossover. The purpose
of using the mutation process is to promote diversity in the current population of solutions.
Finally, the replacement strategy called deterministic crowding (Goldberg 2007) is used to
create a new population from the solutions in the current population and the new generated
solutions.

D
ow

nl
oa

de
d 

by
 [

V
ir

gi
ni

a 
Y

an
ni

be
lli

] 
at

 0
7:

37
 0

9 
D

ec
em

be
r 

20
12
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This process is repeated until the stopping criterion is reached (i.e. a predefined number of
iterations or generations). After this happens, the algorithm provides an approximation to the
Pareto set as a solution to the problem.

Details about each of the different components of the algorithm are presented in the next
sections. The main components of the algorithm are the representation of solutions, the generation
of the initial population, the fitness function, and the selection, crossover and mutation processes.

4.1. Representation or encoding of solutions

In the algorithm, each solution in a population represents a particular project schedule. The
solutions must be represented or encoded in such a way that the application of different crossover
and mutation operators generates new feasible solutions. Therefore, it is necessary to define an
appropriate encoding to project schedules.

A representation based on the standard activity list representation is proposed (Hartmann 1998,
Kolisch and Hartmann 1999, 2006). Details about the proposed representation are presented below.

Each solution is represented by two lists having as many positions as activities in the project.
Figure 3 shows the proposed representation for a project with N activities.

The first list is a standard activity list. This list is a feasible precedence list of the activities
involved in the project (i.e. each activity j can appear on the list in any position higher than the
positions of all its predecessors). Moreover, each activity j in the list contains information about
its development (i.e. activity duration and requirement of employees of each skill k).

The second list is an assigned resources list. This list contains information about the employees
of every skill k assigned to each activity of the project. Specifically, position j on this list details
the employees of every skill k assigned to activity j. The detailed information about the employees
assigned to each activity is not considered in the standard activity list representation.

Figure 3. Proposed project schedule representation.
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Figure 4. Feasible encoded solution to the project example.

4.1.1. Decoding of solutions

The serial method was considered in order to build the schedule related to the representation
(Kolisch and Hartmann 1999). This method schedules the activities, one by one, in the order
given by the activity list (forward scheduling). In Figure 3(a), activity j represents the ith activity
that must be inserted in the schedule. When activity j is chosen to be inserted in the schedule, all its
predecessors, which appear in some position [1, (i − 1)] in the activity list, will have already been
scheduled. Then, activity j obtains the earliest feasible starting time. Specifically, activity j can
start its development after all its predecessors have been completed, and when all the employees
assigned to the activity are available (in Figure 3(b), position j details the employees, of every
skill k, assigned to activity j). Thus, the related schedule is always a feasible one.

It is important to note that when the serial method is applied, one and only one schedule can
be deduced from a given encoded solution, but different encoded solutions could be transformed
in the same schedule (Kolisch and Hartmann 1999).

Figure 4 shows one feasible encoded solution to the project example described in Section 2.1.
Figure 2 (Section 2.1) presents the schedule built from this solution by the serial method. The
schedule details the specific employees assigned to each activity and the starting time defined for
each activity.

4.2. Initial population

The initial population contains a specific number of feasible solutions to the project to be scheduled
(i.e. each solution of this population represents a feasible schedule to the project). Each solution
of the initial population is randomly generated. Using a random approach guarantees a good level
of genetic diversity in the initial population (Goldberg 2007). Such diversity is meant to prevent
the premature convergence of the algorithm.

In order to obtain each solution, a two-stage process was used. The first stage determines the
positions of the project activities on the activity list. The second stage defines the employees that
are assigned to each activity on the basis of the human resource requirements for those activities
(i.e. the second stage defines the assigned resources list).

The first stage is developed as follows. It begins with an empty activity list. The next activity for
the list is randomly taken from the activities not yet inserted on the list while all its predecessors
have already been inserted in it. Thus, each activity on the list is presented in a random position
following all its predecessors.

The second stage assigns employees to each project activity. Each activity j requires rjk employ-
ees with skill k. For each activity j, rjk employees with skill k are randomly selected from the
group of available employees with skill k, ARk , and the selected employees are assigned to activity
j (i.e. are assigned to position j of the assigned resources list).

This random process guarantees that the precedence relationships between the activities are not
violated and that the human resource requirements for each activity are met during the construction
of each solution.
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4.3. Fitness function

The fitness function evaluates a given solution in relation to each one of the predefined optimization
objectives, and then it defines a scalar fitness value for the solution on the basis of the results
obtained by the evaluations. In this case, two objectives are considered. One objective is to
maximize the effectiveness level of the sets of employees assigned to the project activities, while
the other is to minimize the project makespan.

Given a solution to a project p, the fitness function decodes the schedule s related to the solution
by using the method described in Section 4.1.1. Then, the function calculates the value of the term
e(s) corresponding to s (Equations 1 and 2), and calculates the value of the term d(s) corresponding
to s (Equations 3 and 4).

To calculate the term e(s), the function utilizes the values of the terms erCr,j,k,g inherent to s
(Equation 2). As was mentioned in Section 2, the values of the terms erCr,j,k,g inherent to each
available employee r are known. The term e(s) takes a real value over [0, . . . , N].

To calculate the term d(s), the fitness function considers the values of the terms ft(j, s) inherent
to s (Equation 4). Once the terms e(s) and d(s) corresponding to schedule s have been calculated,
the fitness function defines a scalar fitness value for s based on the mentioned terms.

In the literature, different approaches define a scalar fitness value on the basis of a set of values
corresponding to different optimization objectives (Eiben and Smith 2007, Goldberg 2007, Coello
Coello et al. 2007, Deb 2009). Some of these approaches define a scalar fitness value on the basis
of information about the dominance of the given solution. This information is used with the aim
of discovering the non-dominated solutions. For instance, one of the most applied approaches
assigns to each solution a fitness value equal to the solution’s dominance grade (Konak et al. 2006,
Coello Coello et al. 2007, Deb 2009). This approach has been effectively used in previous works
that propose multi-objective evolutionary algorithms to solve multi-objective project scheduling
problems (Hanne and Nickel 2005). It also has been effectively used in previous works that
propose multi-objective evolutionary algorithms to solve other kinds of multi-objective scheduling
problem (Lau et al. 2009). In this article, the dominance grade is considered as the criterion to
define a scalar fitness value for each solution.

The dominance grade of a solution is defined by the number of solutions that it dominates.
Formally, the dominance grade of a solution x is defined by Equation (7). In this equation, the
term P represents the population on which the dominance grade is calculated.

domgrade (x) = |{y ∈ P : x � y}| (7)

The value of the term P (Equation 7) depends on the process that calls the fitness function. The
evolutionary algorithm has two processes that call the fitness function and use the values returned
by this function. One of the processes is the selection of parents. The other process is the selection
developed by the deterministic crowding strategy to define a new population. The selection of
parents is developed on the current population. Thus, in this case, the term P is equal to the current
population. However, the selection inherent to the deterministic crowding strategy is developed on
the set composed of the solutions of the current population as well as the new solutions generated
from it. Therefore, in this case, the term P is equal to the set composed of the solutions of the
current population and the new solutions generated from it.

4.4. Selection of parents

This process selects a number of solutions from among the current population to conform pairs
of solutions (parent solutions), which will be used to generate new solutions (offspring solutions)
by the crossover and mutation processes. When selecting a solution, this process considers the
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fitness values of the solutions and is usually biased by a random factor. Thus, the solutions with
the highest fitness values will have more chances of being selected.

There are several schemes to develop the selection process. The 2-tournament selection scheme,
one of the most applied in the literature (Eiben and Smith 2007, Goldberg 2007), was applied.
In this scheme, two solutions are randomly selected from the current population and compete for
survival. The better one (i.e. the solution with the highest fitness value) is selected and becomes
the first member of the pair. The other one is returned to the population. This operation is repeated
to obtain the second member of the pair. The whole process is repeated until a number M/2 of
pairs is obtained, where M is the population size.

4.5. Crossover

The selection process determines the pairs of solutions in the current population that should
be recombined, and each pair undergoes the crossover operation with probability Pc. The
crossover developed in a pair of solutions (parent solutions) generates two new solutions (offspring
solutions).

The crossover operator is one of the most important genetic operators because it preserves
and combines the best characteristics of the parent solutions so that new, better solutions can be
defined (Goldberg 2007).

The crossover operators are directly applied to pairs of encoded solutions. Thus, the crossover
must be designed on the basis of the representation defined for the solutions. In this case, the pro-
posed representation consists of two lists: an activity list and an assigned resources list. Therefore,
a crossover operator containing a feasible crossover operation for each of the mentioned lists is
proposed.

4.5.1. Crossover operation for activity lists

This operation is applied to the activity lists of two parent solutions that must be recombined.
The result of this operation consists of two new activity lists. The first one is assigned to the first
offspring and the second one is assigned to the second offspring.

This operation is described below. First, the operation defines a random crossover point c,
considering c between 1 and N . Then, the first c activities on the list of parent 1 are positioned in
the first c positions on the list of offspring 1, in the same order. Subsequently, the operation copies
the activities not included in the list of offspring 1 in the empty positions of this list. The activities
not included in the list of offspring 1 are copied taking into account the order in which they appear
in the list of parent 2. In this way, the activity list generated for offspring 1 is a precedence feasible
list.

The generation of the activity list for offspring 2 is similar to the generation of the list for
offspring 1. However, the roles of the parents are inverted to generate the list of offspring 2.

Figure 5 shows an example of the crossover operation described above for activity lists. In
this example, the operation is applied to the activity lists corresponding to two parent solutions
defined for the project example presented in Section 2.1.

This crossover operation corresponds to the one-point crossover developed by Hartmann (1998).

4.5.2. Crossover operation for assigned resources lists

This operation is applied to the assigned resources lists of two parent solutions that must be
recombined. The result of this operation consists of two new assigned resources lists. The first
one is assigned to the first offspring while the second one is assigned to the second offspring.
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Figure 5. Example of the crossover operation considered for activity lists.

Figure 6. Example of the crossover operation considered for assigned resources lists.

For each activity j of the project, the operation chooses a random value v over [0, 1], if v ≤ 0.5,
the resource assignment for j in the list of offspring 1 (in the list of offspring 2) is inherited from
parent 1 (from parent 2). On the other hand, if v > 0.5, the resource assignment for j in the list of
offspring 1 (in the list of offspring 2) is inherited from parent 2 (from parent 1). This operation
always leads to new feasible lists.

Figure 6 shows an example of the crossover operation described above for assigned resources
lists. In this example, the operation is applied to the assigned resources lists corresponding to two
parent solutions defined for the project example presented in Section 2.1.

4.6. Mutation

This process randomly alters one or more characteristics of some solutions obtained after the
crossover process. The mutation operator aims at introducing genetic diversity in the population
(Goldberg 2007). The mutation operators are directly applied to encoded solutions. Thus, the
mutation must be designed on the basis of the representation defined for the solutions. Therefore,
a mutation operator that contains a feasible mutation operation for activity lists and a feasible
mutation operation for assigned resources lists is proposed.

4.6.1. Mutation operation for activity lists

This operation is applied to the activity list of a given solution. The result of this operation consists
of a new activity list for the solution. For each activity on the activity list, a new position is
randomly chosen. In particular, the new position must be higher than the position corresponding
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Figure 7. Example of the mutation operation considered for activity lists.

to any of the activity’s predecessors, and lower than the position corresponding to any of the
activity’s successors. The activity is inserted in the new position with a probability of Pm. By this
procedure, only precedence feasible lists are generated.

Figure 7 shows an example of this mutation operation. In this example, the operation is applied to
the activity list corresponding to a solution defined for the project example presented in Section 2.1.

This mutation operation is an adaptation of the procedure proposed by Boctor (1996) in his
simulated annealing algorithm to generate a neighbour.

4.6.2. Mutation operation for assigned resources lists

This operation is applied to the assigned resources list of a given solution. The result of this
operation consists of a new assigned resources list for the solution. For each activity of the
project, the operator defines a new resource assignment with a probability of Pm. In case a new
resource assignment needs to be defined for a given activity, the operator considers the second
stage of the mechanism used to create the random solutions of the initial population (Section 4.2).
This operation always leads to new feasible lists.

Figure 8 shows an example of this mutation operation. In this example, the operation is applied
to the assigned resources list corresponding to a solution defined for the project example presented
in Section 2.1.

Figure 8. Example of the mutation operation considered for assigned resources lists.

4.7. Replacement strategy

This strategy is used to create a new population from the solutions in the current population (parent
solutions) and the new generated solutions (offspring solutions).
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Different replacement strategies have been proposed in the literature (Eiben and Smith 2007).
The strategy called deterministic crowding has been applied (Eiben and Smith 2007). This strategy
preserves the best solutions obtained and maintains the diversity of the population.

In the deterministic crowding strategy, offspring compete directly with their respective parents.
This strategy works as follows. Every offspring competes with one of its parents (i.e. with its
closest parent) and may replace it if the offspring is not worse (i.e. if the offspring has a fitness
value greater than or equal to the fitness value of the parent). The closeness between an offspring
solution and a parent solution is defined based on the distance between their fitness values.

5. Computational experiments

In this section, the computational experiments developed to evaluate the performance of the
proposed multi-objective evolutionary algorithm are described. Then, the results obtained are
presented and analysed.

Test instances of the standard sets j30, j60 and j120 from PSPLIB (Kolisch et al. 1995, Kolisch
and Sprecher 1997) were selected, and then the content of the selected instances was extended
with the aim of adapting these instances to the characteristics of the addressed problem.

Table 6 shows the characteristics of the instance sets defined to develop the experiments. Sets
j30_5, j30_10 and j30_15, j60_5, j60_10 and j60_15, and j120_5, j120_10 and j120_15 contain
selected instances of j30, j60 and j120, respectively. Moreover, the defined sets have no instances
in common.

Each instance selected from PSPLIB contains information about a precise number of activities.
For each activity, the instance details the duration, the precedence relations and the number of
required resources for each possible type of resources. Each instance also contains information
about the available resources. Specifically, each instance defines four types of available resources,
and a number of available resources for every type. Each type of resources is considered to be a
different skill, and the number of available resources for each type to correspond to the number
of available employees for each skill. Moreover, it is assumed that each employee masters only
one of the four possible skills.

The content of the instances selected from PSPLIB was extended. Specifically, for each instance
selected from PSPLIB, all the terms erCr,j,k,g inherent to each employee r of the instance were
defined - these terms are defined considering each of the possible work contexts for r in the
instance - and a random value over [0, 1] for each of the above-mentioned terms was also defined.

Each selected instance from PSPLIB has a known optimal solution in respect to the project
makespan. These optimal solutions are provided by PSPLIB. However, the instances selected
from PSPLIB have no known optimal solutions in respect to the effectiveness level of the sets of

Table 6. Characteristics of instance sets.

No. of activities to be No. of possible sets of
Instance set planned in each instance employees per activity No. of instances

j30−5 30 1 to 5 40
j30−10 30 1 to 10 40
j30−15 30 1 to 15 40
j60−5 60 1 to 5 40
j60−10 60 1 to 10 40
j60−15 60 1 to 15 40
j120−5 120 1 to 5 40
j120−10 120 1 to 10 40
j120−15 120 1 to 15 40
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Table 7. Parameter values of the
evolutionary algorithm.

Parameter Value

Crossover probability Pc 0.8
Mutation probability Pm 0.05
Population size 50
Number of generations 500

employees assigned to the project activities (i.e. the project effectiveness level). For that reason,
for each extended instance, an optimal solution in respect to the project effectiveness level was
designed with the aim of using it as a reference. Specifically, for each extended instance, a feasible
solution s was designed. Solution s was designed by the mechanism used to create the solutions of
the initial population of the evolutionary algorithm (Section 4.2). Then, all existing terms erCr,j,k,g

in the solution s were defined. A value equal to 1 (maximal value) was assumed for each of the
terms, and they were added to the content of the instance, together with the assumed values. When
adding the assumed values to the content of the instance, the project effectiveness level e(s) of the
solution s is equal to N (N is the number of activities of the instance). Thus, a feasible solution s
with a level e(s) equal to N for the instance was defined. Considering that N is the maximal level
for the solutions of an instance with N activities, the defined solution s can be considered as an
optimal solution in relation to the project effectiveness level.

Thus, each extended instance has a known optimal solution in respect to the project makespan
(i.e. the optimal solution provided by PSPLIB) and a known optimal solution in respect of the
project effectiveness level. These optimal solutions are considered here as references.

The proposed multi-objective evolutionary algorithm has been tested 20 times on each of the
extended instances. After each one of the 20 runs, the algorithm provided the non-dominated
solution set of the last population or generation. Table 7 gives the parameter values used for these
experiments. The parameters were fixed thanks to preliminary experiments that showed that these
values led to the best and most stable results.

To evaluate the performance of the multi-objective evolutionary algorithm, some aspects of the
quality of the non-dominated solution sets obtained by the experiments were analysed and the
computation times required by the algorithm were also analysed.

First, the spread and distribution of the solutions in the obtained sets were analysed. To analyse
the two mentioned aspects, the distribution and spread metrics proposed by Deb (2009) were
utilized. Thus, it was found that in the obtained sets, the solutions are well distributed and widely
spread (i.e. for each optimization objective, a wide and varied range of values is covered by the
non-dominated solutions). This means that the obtained sets contain solutions with good values
for the project makespan and poor values for the project effectiveness level, solutions with poor
values for the project makespan and good values for the project effectiveness level, and solutions
with intermediate values for each optimization objective.

The accuracy of the solutions in the sets obtained by the experiments was also analysed. To
analyse this aspect, the accuracy metric utilized in Hanne and Nickel (2005) was applied. This
metric does not require knowledge of the true non-dominated solution sets of the instances, which
are unknown in the present case. The metric only needs a reference value for each optimization
objective, and in this case, each instance has a known optimal value for each objective. Considering
the 20 sets obtained by the algorithm for each instance, the metric selects the non-dominated
solution with the minimal project makespan of each set, and calculates the average percentage
deviation of these solutions from the optimal project makespan. Note that each instance has a
known optimal solution with respect to the project makespan. Then, the metric selects the non-
dominated solution with the maximal project effectiveness level of each set, and calculates the
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Table 8. Average percentage deviation obtained for each instance
set in respect of each optimization objective, and average computation
time obtained for each instance set.

Instance set max. (e) min. (d) Average time (sec)

j30−5 0 0.02 10.56
j30−10 0 0.012 13.2
j30−15 0.2 0.009 15.84
j60−5 0 0.17 34.08
j60−10 0.4 0.09 39.76
j60−15 1.8 0.07 45.44
j120−5 1.1 0.25 124.56
j120−10 1.25 0.19 152.24
j120−15 2.7 0.18 193.76

average percentage deviation of these solutions from the optimal project effectiveness level. Note
that each instance has a known optimal solution with respect to the project effectiveness level.
Finally, for each set of instances, the metric calculates the average value of the average percentage
deviations for each optimization objective.

Table 8 reports the average percentage deviation Av. Dev. (%) obtained for each instance set
in respect of each optimization objective. Column 2 presents the Av. Dev. (%) obtained for each
instance set in respect of the maximization of the project effectiveness level, and column 3 presents
the Av. Dev. (%) obtained for each instance set in respect of the minimization of the project
makespan. Table 8 also reports the average computation time in seconds obtained for each instance
set. The experiments have been performed on a personal computer Intel Core 2 Duo at 3.00 GHz
with 3 GB RAM under Windows XP Professional Version 2002.

Regarding the maximization of the project effectiveness level, the Av. Dev. (%) obtained by the
evolutionary algorithm for j30_5, j30_10 and j60_5 is 0%. These results indicate that the algorithm
has found non-dominated solutions with the optimal project effectiveness level for each instance
of each set.

The Av. Dev. (%) obtained by the evolutionary algorithm for j30_15, j60_10, j60_15, j120_5,
j120_10 and j120_15 is greater than 0%. Considering that the instances of j30_15, the instances
of j60_10 and j60_15, and the instances of j120_5, j120_10 and j120_15 have a known opti-
mal project effectiveness level equal to 30, 60 and 120, respectively, the meaning of the average
deviation obtained for each one of these sets was analysed. In the case of j30_15, an average
deviation equal to 0.2% indicates that the average level of the non-dominated solutions selected
from the sets obtained by the algorithm (i.e. non-dominated solutions with the maximal project
effectiveness level) is 29.94. In the case of j60_10 and j60_15, average deviations equal to 0.4%
and 1.8% indicate that the average level of the non-dominated solutions selected from the obtained
sets is 59.76 and 58.92 respectively. In the case of j120_5, j120_10 and j120_15, average devi-
ations equal to 1.1%, 1.25% and 2.7% indicate that the average level of the non-dominated
solutions selected from the obtained sets is 118.68, 118.5 and 116.76, respectively. Based on
these, it may be stated that the algorithm has obtained non-dominated solutions with very high
project effectiveness levels for the instances of j30_15, j60_10, j60_15, j120_5, j120_10 and
j120_15.

As regards the minimization of the project makespan, the Av. Dev. (%) values obtained for
the instance sets are lower than 0.26%. These results indicate that, for each instance, the average
project makespan of the non-dominated solutions selected from the sets obtained by the algorithm
(i.e. solutions with the minimal project makespan) is near to the optimal project makespan. There-
fore, it may be stated that the algorithm has obtained non-dominated solutions with near-optimal
makespans for the instances of each set.
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From the previous analysis of the average deviations presented in Table 8, the following
may be pointed out. For the instances of j30_5, j30_10 and j60_5, the algorithm has obtained
non-dominated solution sets in which the solution with the maximal project effectiveness level
of the set has an optimal project effectiveness level, and the solution with the minimal project
makespan of the set has a near-optimal makespan. For the instances of j30_15, j60_10, j60_15,
j120_5, j120_10 and j120_15, the algorithm has obtained non-dominated solution sets in which
the solution with the maximal project effectiveness level of the set has a very high project effec-
tiveness level, and the solution with the minimal project makespan of the set has a near-optimal
makespan.

Regarding the average computation times presented in Table 8, the following points may be
mentioned. For j30_5, j30_10 and j30_15, the average time required by the algorithm was lower
than 16 seconds. For j60_5, j60_10 and j60_15, the average time required by the algorithm was
higher than 34 seconds and lower than 46 seconds. Then, for j120_5, j120_10 and j120_15, the
average time required by the algorithm was higher than 124 seconds and lower than 194 seconds.
Taking into consideration the complexity of the instance sets used, particularly the complexity of
the instances of j120_5, j120_10 and j120_15, it is considered that the average computation times
obtained by the algorithm for the nine instance sets are acceptable.

6. Conclusions

The problem of scheduling a project has been addressed with the aim of assisting project managers
at the early stage of designing project schedules. Thus, as part of the problem, two priority
optimization objectives were considered for managers at that stage. One objective is to minimize
the project makespan. The other objective is to maximize the project effectiveness level (i.e. to
maximize the effectiveness level of the sets of employees assigned to the project activities). In
relation to the second objective, it was considered that the effectiveness of a set of employees
depends on the effectiveness of each one of the employees belonging to the set. On the other
hand, it was considered that the effectiveness level of an employee depends on his or her work
context. Therefore, it is possible to define different effectiveness levels in relation to different
work contexts for each employee. This is a really significant aspect because the effectiveness
of an employee in a real project depends on many contextual factors (Heerkens 2002, Wysocki
2003). Such factors involve the attributes of the activity to which the employee is assigned, the
other employees with whom the employee in question must work, and the experiences and the
attributes of the employee (Barrick et al. 1998, Heerkens 2002). Therefore, the effectiveness of an
employee needs to be considered in relation to his or her work context. To the best of the authors’
knowledge, the influence of the work context on the effectiveness of the employees has not been
considered in previous related works.

To solve the problem, a multi-objective evolutionary algorithm has been proposed. Considering
a given project, this algorithm designs feasible schedules for the project, and evaluates the designed
schedules in relation to each one of the defined optimization objectives. In particular, regarding
the maximization of the project effectiveness level, the evaluation is developed on the basis of
knowledge about the effectiveness of employees involved in each schedule. Specifically, for each
designed schedule, the algorithm estimates the effectiveness level of the sets of employees assigned
to the project activities. The effectiveness of a set assigned to a particular activity is estimated on
the basis of the effectiveness level of the employees included in the set. The evolutionary algorithm
provides an approximation to the Pareto set (i.e. a number of near non-dominated solutions) as a
solution to the problem addressed here.

Computational experiments were developed to evaluate the performance of the proposed
algorithm. The experiments consisted in solving instances corresponding to nine different sets:
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j30_5, j30_10, j30_15, j60_5, j60_10, j60_15, j120_5, j120_10 and j120_15.The instances belong-
ing to different sets have different complexity (i.e. have a different search space). Thus, the
utilization of those sets has made it possible to evaluate the evolutionary algorithm performance
over instances with a different degree of complexity.

In the experiments, the algorithm was tested many times on each of the instances, and after
each one of the runs, the algorithm provided the non-dominated solution set of the last population
or generation. To evaluate the performance of the algorithm on each instance, different aspects
of the quality of the obtained sets of non-dominated solutions were analysed. Specifically, the
spread, distribution and accuracy of the solutions in the obtained sets were analysed.

On the basis of the above-mentioned analysis, it may be stated that the algorithm has obtained
wide, well-distributed sets of non-dominated solutions. In addition, in the obtained sets, the
solution with the minimal project makespan of the set has a near-optimal makespan, and the
solution with the maximal project effectiveness level of the set has a very high or an optimal project
effectiveness level. Thus, the non-dominated solution sets obtained by the algorithm provide a
number of solutions with different trade-offs between the optimization objectives. Based on the
previously mentioned aspects, it is considered that a project manager could obtain a number of
schedules with different trade-offs between the optimization objectives by using the algorithm.
Then, he or she should choose the solution(s) that closely match his or her preferences about the
trade-off between the optimization objectives.

In future works, other relevant optimization objectives in the addressed problem will be included
(e.g. the minimization of the project cost). New feasible crossover and mutation processes will be
proposed for the defined representation of solutions. In addition, different approaches that have
been proposed in the literature will be evaluated to define a scalar fitness value for each solution
of a multi-objective problem.

Considering that the proposed algorithm uses knowledge about the effectiveness of the employ-
ees, future research should be conducted in order to develop approaches that automatically estimate
the effectiveness levels of the employees from available information about the participation of the
employees in already executed projects. These approaches will complement this algorithm.
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